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Evapotranspiration (ET) is the second-largest component in the water balance
equation, globally consuming 70% of the earth’s annual precipitation. Accurate and
consistent estimation of ET is essential for ensuring water resources sustainability, proper
management, planning, and regulations of water resources. Though a 100% accurate
estimation of ET may not be feasible with the current technology, there are proven
techniques that give us estimates of ET we can heavily rely on. Mapping
Evapotranspiration at High Resolution with Internalized Calibration (METRIC) is a
widely used surface energy balance model that produces relatively accurate ET maps
utilizing remote sensing data and requires skilled personnel with background knowledge
in various disciplines as well as an extended time to run the model when applied
manually. The Earth Engine Evapotranspiration Flux (EEFlux) is a completely automated
ET estimation application that resides on the Google Earth Engine (GEE) and is based on
the METRIC model. EEFlux can produce ET maps for any Landsat 5, 7, and 8 image
scenes in a matter of seconds. The eeMETRIC model is a special version of the
automated application of METRIC, also on GEE. eeMETRIC is one of six operational
ET models utilized in the US-wide OpenET program (Melton et al., 2021) and also uses
the automated EEFlux model as the basis, but with enhanced calibration.

The performance of EEFlux has been compared with the manually operated
METRIC model by Fooad et al (2018) showing the amount of difference between the
products of the two models to be within the acceptable range. Since the automated ET
estimation model is still evolving, this study compared recent products from eeMETRIC
(version 0.20.15) with that from the METRIC model. Selected sites from central
Nebraska focusing on the agricultural lands along the Platte River and in Southern Idaho
representing a large, irrigated area in the Snake River Plain were utilized in comparing
daily ETrf values, monthly ETrF values, and monthly ET values from both models for the
focused areas. Daily ETrF values were produced for each Landsat overpass date. ETrF
represents actual ET for an image pixel expressed as a fraction of the reference ET, which
in this case represents ET from the alfalfa reference crop. Surprisingly, the results did not
always show a good match between both models, and the possible reasons are discussed
in this study.
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CHAPTER 01 INTRODUCTION
1.1. Introduction
As economic, environmental, and social pressures intensify, water and land
managers face challenges of promulgating sustainable use of natural resources and
sustaining their quality as well as vested property rights. One of these challenges is to
wisely manage freshwater, the most vital natural resource we have, and water resource
managers must understand the hydrologic cycle’s natural systems and the physical laws
that drive its components. Especially, the loss of water through the natural process of
evaporation and transpiration from the soil, ponds, lakes, and vegetation is essential to be
understood and quantified for sustainable water resource development. It is essential to
have a capable and dependable method for estimating water consumption by crops given
that cropland irrigation is where the bulk of the water is consumed in arid and semiarid
lands. (Allen et al., 2007a,b, Irmak et al., 2011).
The loss of water to the atmosphere from the ground, water, and vegetative
surfaces due to the vaporization of liquid water is referred to as evapotranspiration (ET)
(ASCE 2005; Irmak et al., 2011). ET is highly reliant on vegetation characteristics and it
is the second-largest component in the water balance equation (Zhang et al., 2001). In the
U.S. ET consumes 75% of the precipitation received annually and this percentage has
gradually increased over the last 50 years and is expected to further increase for the
coming 50 years as global warming is anticipated to have its intensifying impacts on the
global water cycle including ET (Walter et al., 2004) and as irrigation around the globe
intensifies. Moreover, in semiarid and arid lands, more than 90% of the annually received
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precipitation can be evapotranspired to the atmosphere (Glenn et al., 2007). It is further
relevant that in these arid and semiarid ecosystems, ET also dictates the balance between
recharge and discharge from aquifers (Glenn et al., 2007).
It is central to have thorough and reliable computations of water consumption
over vast spread lands and irrigated agricultural areas to ensure accurate water resource
planning, minimization of effects on limited stream discharge, the establishment of
hydrologic water balances, managing water rights, and water regulation (R. Allen et al.,
2011b).
Evapotranspiration can be calculated using techniques like weighing lysimeter,
Eddy covariance, and Bowen ratio (Allen et al., 2011b). Despite bearing considerable
accuracy, these techniques are not suitable to provide ET estimation at a regional scale
because of the high number and operational costs of the required measurement sites
(Irmak et al., 2011). To provide ET calculation over “regional scales”, remote sensing
data from the satellite are used to estimate ET. The surface energy balance technique,
which is driven by remotely sensed data images (Allen et al., 2018 (METRIC
applications manual)), is used in satellite-based image processing models, such as
Surface Energy Balance Algorithms for Land (SEBAL) and Mapping Evapotranspiration
at high Resolution with Internalized Calibration (METRIC), to calculate
evapotranspiration (ET) as a residual of a surface energy balance (R. Allen et al., 2011).
SEBAL uses a near-surface temperature gradient dT instead of absolute surface
temperature when calculating sensible heat flux, where use of absolute surface
temperature is considered to be a major obstacle to calculating operational satellite ET
(W. G. M. Bastiaanssen et al., 1998). The METRIC model, which is more widely used in
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operational practice in the US, replicates the same principles of SEBAL but addresses
some of the uncertainties found in the SEBAL model regarding the anchor pixels and
several energy balance components (Allen et al., 2007a).
METRIC results have shown great promise when compared to lysimeter, Bowen
ratio, and Eddy covariance results in an array of locations in the U.S. (R. Allen et al.,
2011a; Irmak et al., 2011; Tasumi et al., 2005, Melton et al., 2021). Also, because of
physically-based application of surface energy balance algorithms, METRIC is
considered to be a reliable model and several state and federal agencies in the U.S. have
applied it for water resource management tasks (Irmak et al., 2012). However, one major
drawback of the METRIC model is that, for best accuracy, it requires a skilled person to
calibrate and run the model for each Landsat scene and image date and to specify the
extreme ranges in ET (High and Low) within an image. Thus, it can prove to be timeconsuming. Besides, different users with dissimilar levels of experience are likely to
produce different results (Morton et al., 2013).
To minimize human interference in the operation and to save time and money, (R.
G. Allen et al., 2013a; Morton et al., 2013) designed automated calibration algorithms for
the METRIC model to produce ET estimations similar to those produced manually by a
well-trained user (Morton et al., 2013). One of these automated applications that is ased
on the METRIC model uses the Google Earth Engine (GEE) as a platform and is referred
to as Earth Engine Evapotranspiration Flux (EEFlux) (R. G. Allen et al., 2013a). The
automated EEFlux model has also been used as the basis for a special version of the
automated application of METRIC, also on GEE, in the form of eeMETRIC. eeMETRIC
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is one of six operational ET models utilized in the US-wide OpenET program (Melton et
al., 2021; OpenET (openetdata.org)).
1.2. Scope
This study compares the products of the automatically calibrated GEE-based
eeMETRIC version of METRIC with the results produced by the manually calibrated
METRIC model. The purpose is to evaluate the viability and accuracy of
EEFlux/eeMETRIC models to produce ET results when the entire application process is
conducted automatically and independent of any review or intervention by experts, which
is generally the case with the manually made traditional METRIC applications.
1.3. Organization of the thesis
The thesis is framed into five chapters. Chapter 1 is comprised of an introduction, briefly
states the importance of estimating ET for handling an array of water resources issues and
talks about methods for mapping ET including EEflux and eeMETRIC. Chapter 2
presents a literature review on the existing ET mapping methods and the overall progress
of these methods plus supporting the need for automated ET estimation. Chapter 3
provides details about the material and the methodology used for the comparison of the
automated and manual ET estimation models. Chapter 4 shows comparison results and
statistical analysis of the compared data by providing visual and numeric data for
locations in Idaho and Nebraska. Chapter 5 presents the research summary, conclusion,
and recommendations.
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CHAPTER 02 LITERATURE REVIEW
2.1. Introduction
A substantial amount of water is transmitted by ET from the land surface to the
atmosphere in the form of evaporation from soil and transpiration from vegetation.
Measuring the use of water over sizable lands and within irrigated projects is critical for
water rights management, water resources planning, hydrologic water balances, and
water regulation. Variations found between actual ET and potential ET at high spatial
resolutions are highly valuable to agriculture, water resources, and even national security
as measures of crop water discrepancies and exhaustions on scales of human activities
and private land assets (R. Allen et al., 2007a,b, 2011a,b). Spatial estimates of ET are
vital components of general circulation and hydrologic models (Overgaard et al., 2006),
and ET is utilized to infer soil moisture, an important input to weather and flood
prediction applications (R. Allen et al., 2011). ET and soil moisture can impinge on the
operational mobility of military operations and finding of landmines and undetonated
explosives (Van Dam et al., 2005). ET is normally the highest hydrological flux during
the summer months in the Great Plains in the U.S. Therefore, to be able to correctly
estimate the enormity of this flux will lead toward more accurate computing the water
balance and managing the use of available water resources. Yet, despite being one of the
largest hydrological fluxes (Irmak et al., 2011), ET is the most complicated flux to be
estimated (Peacock & Hess, 2004) and it becomes much more complicated when trying
to compute this flux on a field, regional or watershed scale than to compute it at a specific
site location (Irmak et al., 2011).
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A traditional way of estimating ET from agricultural fields is to multiply a weatherbased reference ET by a crop coefficient (𝐾𝑐 ) that corresponds to the crop type and
growth stage (Doorenbos and Pruitt 1977; R. G. Allen, 1998; Wright, 1982). However,
there always remain doubts over the agreement between the actual vegetative and
growing conditions characterized by the idealized Kc values, especially in areas short on
water. In addition, predicting the correct crop growth stage conditions for vast
populations of crops and fields proves to be troublesome (R. Allen et al., 2011a). Given
these constraints, the use of remotely sensed data from satellites has emerged as a
feasible method to estimate ET with field-scale resolution on for large regions. The main
advantage of using remote sensing data over other methods is that it does not require
quantifying other complex hydrological processes to compute ET (Allen et al., 2018
(METRIC applications manual)).
Due to the broad spatial variability of precipitation, hydraulic characteristics of soils,
and vegetation types and concentrations, ET varies considerably in space. Likewise, due
to the temporal variability of climate and the growth or aging of vegetation, ET varies in
time. Thus to determine and map the spatial and temporal formation of ET, using satellite
imagery proves to be an excellent means for that (Allen et al., 2018 (METRIC
applications manual)).
The Surface energy balance technique, which is driven by remotely sensed data
images (Allen et al., 2018 (METRIC applications manual)), is used in satellite-based
image processing models, such as Surface Energy Balance Algorithms for Land
(SEBAL) (Bastiaanssen et al., 1998) and Mapping Evapotranspiration at high Resolution
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with Internalized Calibration (METRIC), to calculate evapotranspiration (ET) as a
residual of a surface energy balance (R. Allen et al., 2011).
The advantage of using the energy balance technique for estimating ET is that it
obtains actual ET rather than potential ET that is normally characterized by crop
coefficients. Actual ET can be affected by water shortage, low irrigation uniformity, the
salinity of soil and water, scarce vegetation, waterlogging, and diseases and consequently
can be less than potential ET (R. Allen et al., 2011; Allen et al., 2018 (METRIC
applications manual)). Moreover, using energy balance for estimating ET eliminates the
need for determining the precise classification and identification of crop type by field and
this can significantly lower the cost of mapping ET. (Bastiaansen et al., 1998; Allen et al.,
2007a,b; Allen et al., 2018 (METRIC applications manual)).
SEBAL does not require determining the absolute surface temperature calibration,
which is considered a major obstacle to calculating operational satellite ET. Instead, it
uses a near-surface temperature gradient dT that is inferred from surface temperature (W.
G. M. Bastiaanssen et al., 1998). The METRIC model, which is more widely used in
operational practice in the U.S., replicates the same principles of SEBAL but addresses
some of the uncertainties found in the SEBAL model regarding the anchor pixels used
during calibration and several energy balance components (Allen et al., 2007a; Irmak et
al., 2011; 2012).
2.2. The theoretical basis of METRIC
In METRIC, ET is estimated as a residual of energy balance at the surface. That is the
total net radiation from the sun and atmosphere (𝑅𝑛 ) is equal to the total energy available
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at the surface to heat the air (H), heat the ground (G), and energy consumed to transform
liquid water into vapor (LE). This surface energy balance is shown in equation (1).
𝐿𝐸 = 𝑅𝑛 − 𝐺 − 𝐻

(1)

In equation 1: LE is latent heat flux density (𝑊/𝑚2 ) used by water in its phase
change from liquid to gas during the 𝐸𝑇𝑎 process, 𝑅𝑛 is net radiation flux density at the
surface (𝑊/𝑚2 ); 𝐺 is the ground or soil heat flux density (𝑊/𝑚2 ) representing sensible
heat conducted into the ground; and 𝐻 is the sensible heat flux density (𝑊/𝑚2 )
convected into the air. 𝐿𝐸 is estimated at the exact time of the satellite overpass for each
pixel. As stated earlier, one advantage of using energy balance is that actual 𝐸𝑇 rather
than potential 𝐸𝑇 relevant to the amount of vegetation is computed and this detects the
reductions in 𝐸𝑇 caused by any soil moisture shortage. On the flip side, though, the
confidence level of accurately computing LE is only as high as the accuracy of summed
estimates for 𝑅𝑛 , 𝐺, and 𝐻. This uncertainty is overcome by METRIC by focusing
internal calibration on 𝐻 rather than on 𝐿𝐸 to make up for all intermediate estimation
errors and biases (R. G. Allen, Tasumi, & Trezza, 2007a). For example, Kilic et al.,
(2016) showed that METRIC has little sensitivity to the absolute accuracy of Landsatbased surface temperature.
To calculate 𝐸𝑇𝑎 at the instant of the satellite image, 𝐿𝐸 from equation (1) is divided
by the latent heat of vaporization:

𝐸𝑇𝑖𝑛𝑠𝑡 = 3600

𝐿𝐸
𝜆𝜌𝑤

(2)
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In equation 2: 𝐸𝑇𝑖𝑛𝑠𝑡 is instantaneous 𝐸𝑇 𝑚𝑚 ℎ−1; 3,600 converts from seconds to
hours, 𝜌𝑤 is the density of water (~1,000 𝑘𝑔 𝑚−3 ), and 𝜆 is the latent heat of
vaporization denoting the heat required to evaporate a kilogram of water and is calculated
as (Allen et al., 2018 (METRIC applications manual)):
𝜆 = [2.502 − 0.00236(𝑇𝑠 − 273.15)] × 106

(3)

The reference 𝐸𝑇 fraction (𝐸𝑇𝑟 𝐹) for each pixel is used to interpolate or extrapolate
ET over time. ETrF is calculated as the ratio of the computed instantaneous 𝐸𝑇
(𝐸𝑇𝑖𝑛𝑠𝑡 ) from each pixel to the reference 𝐸𝑇 (𝐸𝑇𝑟 ) computed from weather data (Allen et
al., 2018 (METRIC applications manual)).The process uses reference ET calculated from
weather data to introduce the fluctuations in hourly or daily ET caused by variation in
weather. The reference ET fraction is used to represent the impact of vegetation amount
and available water supply on the ET process. It is ETrF that is interpolated between
available satellite overpass dates (Allen et al., 2007a), and that is then multiplied by daily
ETr to obtain daily ETa.

𝐸𝑇𝑟𝐹 =

𝐸𝑇𝑖𝑛𝑠𝑡
𝐸𝑇𝑟

(4)

In equation 4: 𝐸𝑇𝑖𝑛𝑠𝑡 is from Eq. (2) (𝑚𝑚 ℎ−1 ) and ETr is for the standardized 0.5 𝑚
tall alfalfa reference at the time of the satellite overpassing. ETr represents the near
maximum amount of ET that will occur under given weather conditions for well-watered
vegetation that fully covers the ground surface. Alfalfa reference ETr, because it
represents ET from a 0.5 m tall alfalfa crop, is generally about 20 to 40% greater than the
more internationally-used standard of grass reference ET. This is because grass reference
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ET (ETo) represents ET from a short, 0.12 m tall grassed surface. ETo exhibits lower
aerodynamic roughness and vapor transfer effects than ETr and therefore has lower
values (ASCE 2005).
Generally, only one or two weather stations are required to estimate 𝐸𝑇𝑟 in the
manual METRIC process for a Landsat image that measures 180 × 180 𝑘𝑚. When 𝐸𝑇𝑟 𝐹
is used with an alfalfa reference basis, it functions the same as the well-known alfalfabased crop coefficient, 𝐾𝑐 , and is used to extrapolate 𝐸𝑇 from the instant of the overpass
to periods of 24 h or longer. In the automated eeMETRIC application on GEE, ETr is
calculated on a grid using gridded weather data. The gridded weather data are taken from
the NLDAS system for hourly estimation of ETr during eeMETRIC calibration and from
the GridMET system or Spatial CIMIS (in California) when daily ETr is estimated.
Expectedly, because the alfalfa reference basis for ETrF represents near maximum
expected ET, 𝐸𝑇𝑟 𝐹 takes values from 0 to about 1.0. A value of 0 represents a completely
dry condition for the pixel where 𝐸𝑇 = 0 and thus 𝐸𝑇𝑟𝐹 = 0. On the contrary, a recently
irrigated pixel or a pixel wetted by precipitation in a well-established field of alfalfa or
corn can take an ET value slightly greater than 𝐸𝑇𝑟 and therefore 𝐸𝑇𝑟 𝐹 > 1, almost up to
1.1 (Allen et al., 2007a; Irmak et al., 2011). However, usually for most large spans of
well-watered vegetation fully covering the ground, 𝐸𝑇𝑟 𝐹 = 1.0. In the earlier stage of the
energy balance process in METRIC, various assumptions are used that can cause
systematic errors. Because of this and due to random error factors, METRIC can yield
negative values 𝐸𝑇𝑟 𝐹 for completely dry pixels and therefore the error should oscillate
about 𝐸𝑇𝑟 𝐹 = 0 (R. G. Allen, Tasumi, & Trezza, 2007a).
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In practice, daily values of 𝐸𝑇 (𝐸𝑇24 ) are of more value than instantaneous 𝐸𝑇. In
METRIC 𝐸𝑇24 is assumed to be equal to the 24-hour total of the computed instantaneous
𝐸𝑇𝑟 𝐹 multiplied by ETr occurring during the 24-hour period. Thus, 𝐸𝑇24 at each pixel is
computed as (Allen et al., 2018 (METRIC applications manual)):
𝐸𝑇24 = 𝐸𝑇𝑟 𝐹 × 𝐸𝑇𝑟_24

(5)

In equation 5: 𝐸𝑇𝑟_24 is the cumulative 24-hour 𝐸𝑇𝑟 for the satellite overpass date and
it is calculated by summing the hourly 𝐸𝑇𝑟 for the overpass day.
Usually, quantifying the total water consumption from agriculture is needed, which
can easily be achieved using monthly and seasonal 𝐸𝑇 maps. Monthly and seasonal 𝐸𝑇
maps represent 𝐸𝑇𝑟 𝐹 values, derived from a series of 𝐸𝑇𝑟 𝐹 images, that are interpolated
from 𝐸𝑇𝑟 𝐹 values between processed images and multiplying, on a daily basis, by the
𝐸𝑇𝑟 for each day (R. Allen et al., 2011; Richard G. Allen, Tasumi, & Trezza, 2007; Allen
et al., 2018 (METRIC applications manual)).
Finally, monthly, seasonal, or yearly 𝐸𝑇 is calculated as (R. G. Allen, Tasumi, Morse,
et al., 2007a):
𝑛

𝐸𝑇𝑝𝑒𝑟𝑖𝑜𝑑 = ∑[(𝐸𝑇𝑟 𝐹𝑖 )(𝐸𝑇𝑟24𝑖 )]

(6)

𝑖=𝑚

In equation 6: 𝐸𝑇𝑝𝑒𝑟𝑖𝑜𝑑 is cumulative 𝐸𝑇 for a period between day m and day 𝑛,
𝐸𝑇𝑟 𝐹𝑖 is interpolated 𝐸𝑇𝑟 𝐹 for day 𝑖, and 𝐸𝑇𝑟 24𝑖 is 24-hour 𝐸𝑇𝑟 for day 𝑖. Units for
𝐸𝑇𝑝𝑒𝑟𝑖𝑜𝑑 will be in 𝑚𝑚 when 𝐸𝑇𝑟24 is in 𝑚𝑚 𝑑𝑎𝑦 −1 .
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2.2.1. Sensible Heat Flux (H)
The heat loss rate to air via convection and conduction due to a difference in
temperature is referred to as sensible heat flux. It can be calculated via the equation based
on a one-dimensional, aerodynamic, temperature gradient as (Bastiaanssen et al., 1998;
Allen et al., 2007a; 2013a; Allen et al., 2018 (METRIC applications manual)).

𝐻=

𝜌 × 𝑐𝑃 × 𝑑𝑇
𝑟𝑎ℎ

(7)

In equation 7: 𝜌 denotes air density (𝑘𝑔/𝑚3 ), 𝑐𝑃 represents air specific heat
(1004 𝐽/𝑘𝑔/𝐾), dT (K) is the difference in temperature (𝑇1 − 𝑇2 ) between two heights
(𝑧1 𝑎𝑛𝑑 𝑧2 ), and 𝑟𝑎ℎ is aerodynamic resistance to heat transport (s/m). To calculate the
air density, the standard equation for mean atmospheric pressure and the universal gas
law taken from Allen et al. (1998) is used and simplified for the effect of vapor pressure
(virtual temperature is estimated as 1.01 𝑇𝑠 ) (Allen et al., 2018 (METRIC applications
manual)).

𝜌=

1000𝑃
1.01(𝑇𝑠 − 𝑑𝑇)𝑅

(8)

Further details about the parameters of equation 8 can be found in the Allen et al., 2018
(METRIC applications manual).
As shown in equation 7, the sensible heat flux is a function of the temperature
gradient above the surface, surface roughness, and wind speed. With two unknowns, 𝑟𝑎ℎ
and 𝑑𝑇, equation 7 is difficult to solve for 𝐻, and one, therefore, solves equation 7 for 𝑑𝑇
by utilizing the two “anchor” pixels (where values for H can be estimated reliably) given

13

that aerodynamic roughness and wind speed are known at a given height (Allen et al.,
2018 (METRIC applications manual)).
The buoyancy of heated, light air at the surface impacts the aerodynamic resistance
(and heat transfer), especially when H is large. Thus, to adjust for the buoyancy effects,
corrections need to be applied to 𝑟𝑎ℎ . This however is made problematic as 𝐻 is required
to apply these corrections. Consequently, an iterative solution is applied for both 𝐻 and
𝑟𝑎ℎ where, during the first iteration, 𝑟𝑎ℎ is calculated for neutral atmospheric stability
conditions as (Allen et al., 2018 (METRIC applications manual)):

𝑟𝑎ℎ =

𝑧
ln (𝑧2 )
1

𝑢∗ × 𝐾

(9)

In equation 9: 𝑧1 and 𝑧2 are heights in meters above the zero-plane displacement (d)
of the vegetation, 𝑢∗ the friction velocity (m/s) quantifying the turbulent velocity
fluctuations in the air, and K is von Karman’s constant having a value of (0.41). The
friction velocity 𝑢∗ for the neutral atmospheric conditions is calculated during the first
iteration using the logarithmic wind law (Allen et al., 2018 (METRIC applications
manual)):

𝑢∗ =

𝑘𝑢𝑥
𝑧
ln (𝑧 𝑥 )
𝑜𝑚

(10)

In subsequent iterations, Equation 10 includes buoyancy corrections (Allen et al., 2007a).
Further insight about the parameters of equation 10 can be found in the Allen et al., 2018
(METRIC applications manual).
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To compute sensible heat flux (𝐻), a 16-step process is described in the Allen et al.,
2018 (METRIC applications manual). Steps 1 to 4 are summarized here. In Step 1, using
the wind from the weather station in the image, an average wind speed at a relatively
large height (200 m) above the surface is calculated. In step 2, the wind speed at the
blending height above the weather station is computed. In step 3, in the first iteration for
𝐻, the friction velocity 𝑢∗ is calculated inside the image processing model for each pixel.
In step 4, 𝑟𝑎ℎ is calculated for the first iteration of 𝑢∗ is calculated in step 3. More detail
for these steps is available in the Allen et al., 2018 (METRIC applications manual).
Step 5. To calculate the sensible heat flux (𝐻) from equation 7, the near-surface
vertical air temperature difference (𝑑𝑇) is required to be defined for each pixel. For any
pixel, at heights 𝑧1 and 𝑧2 , 𝑑𝑇 is defined as 𝑑𝑇 = 𝑇𝑧1 − 𝑇𝑧2 where 𝑇𝑧1 and 𝑇𝑧2 are the
respected temperatures at those heights. The values of 𝑇𝑧1 and 𝑇𝑧2 as well as absolute
values of air temperature above each pixel are unknown. However, to solve for 𝐻, only
the difference 𝑑𝑇 is required, which is known to be strongly linear with radiometric
surface temperature (W. Bastiaanssen, 1995; Allen et al., 2018 (METRIC applications
manual)). Therefore, METRIC takes the assumption that a linear relationship exists
between 𝑑𝑇 and 𝑇𝑠 calibrated to each satellite image to calculate 𝑑𝑇 for each image pixel
(Richard G. Allen et al., 2013a; Allen et al., 2018 (METRIC applications manual)):
𝑑𝑇 = 𝑏 + 𝑎𝑇𝑠 𝑑𝑒𝑚

(11)

In equation 11: 𝑏 and 𝑎 are the calibration coefficients, while 𝑇𝑠 𝑑𝑒𝑚 shows the
surface temperature from the satellite ‘delapsed’ to a common, arbitrary elevation datum
using a specified lapse rate. The delapsing adjustment to 𝑇𝑠 accounts for variation in 𝑇𝑠
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when elevation is linked more to warming and cooling of the air masses with variable
elevation rather than with a change in surface energy balance and evaporation. METRIC
utilizes the two anchor pixels to define the 𝑎 and 𝑏 coefficients, where the 𝐻 value can be
estimated reliably. This is a major assumption by METRIC and SEBAL that the 𝑑𝑇 vs
𝑇𝑠 𝑑𝑒𝑚 is a linear function (Richard G. Allen et al., 2013a; Allen et al., 2018 (METRIC
applications manual)) and has been validated for a wide range of conditions by the
Bastiaanssen et al (1995) and with comparisons of final ET estimates over a range of 𝑑𝑇
values by the University of Idaho at Kimberly (R. G. Allen et al., 2005). The delapsed
adjustment of 𝑇𝑠 in equation 7 is computed as (Allen et al., 2018 (METRIC applications
manual)):
𝑇𝑠 𝑑𝑒𝑚 = 𝑇𝑠 + 𝐿𝑎𝑝𝑠𝑒

(12)

In equation 12: 𝐿𝑎𝑝𝑠𝑒, 𝐾, is calculated from elevation using another equation (Eq.
13-10) in Allen et al., 2018 (METRIC applications manual). This should be noted that in
equation 12, 𝐿𝑎𝑝𝑠𝑒 is added to 𝑇𝑠 to delapse 𝑇𝑠 (Allen et al., 2018 (METRIC applications
manual)).
To develop the 𝑑𝑇 vs. 𝑇𝑠 𝑑𝑒𝑚 equation, 𝑑𝑇 is computed using the “cold” and “hot”
pixels separately and as follows:
a) 𝒅𝑻 at “cold” pixel:
From equation 1, METRIC defines the sensible heat flux at the “cold” pixel as
𝐻𝑐𝑜𝑙𝑑 = 𝑅𝑛 − 𝐺 − 𝐿𝐸𝑐𝑜𝑙𝑑 (Allen et al., 2018 (METRIC applications manual)). It has been
observed in Idaho that in a large population of fields, the total 𝐸𝑇 rate may increase by
5% over ETr, caused by some wet soil surfaces beneath the fully covered vegetation
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canopy (when 𝐿𝐴𝐼 > 4), as compared to standard 𝐸𝑇 (𝐸𝑇𝑟 ). Large fields having full
cover alfalfa will likewise contain a subpopulation of fields with wetter conditions
causing higher 𝐸𝑇 and cooler temperature than the mean fully covered conditions of the
field. This means that 𝐸𝑇𝑐𝑜𝑙𝑑 taken from a satellite scene will presumably be 1.05 × 𝐸𝑇𝑟
(Richard G. Allen et al., 2013a; Allen et al., 2018 (METRIC applications manual)):
Now, utilizing a spreadsheet, 𝐻𝑐𝑜𝑙𝑑 can be computed as: 𝐻𝑐𝑜𝑙𝑑 = 𝑅𝑛 − 𝐺 − 1.05𝜆𝐸𝑇𝑟
and eventually to calculate the 𝑑𝑇𝑐𝑜𝑙𝑑 , the inverse of equation 7 is utilized in the
spreadsheet (Allen et al., 2018 (METRIC applications manual)):

𝑑𝑇𝑐𝑜𝑙𝑑 =

𝐻𝑐𝑜𝑙𝑑 × 𝑟𝑎ℎ𝑐𝑜𝑙𝑑
𝜌𝑐𝑜𝑙𝑑 × 𝑐𝑝

(13)

Utilizing equation 13 and 𝐸𝑇𝑟 in METRIC compensates for the regional advection
and wind speed impacts on ET at the instant of satellite overpass as well as for systematic
errors in estimating albedo, soil heat flux, aerodynamic roughness and 𝑅𝑛 from the image
(Allen et al., 2018 (METRIC applications manual)).
b) 𝒅𝑻 at “cold” pixel:
At the “hot” pixel, where 𝐸𝑇ℎ𝑜𝑡 is supposed to be zero or nearly zero for “hot” (dry)
conditions, agricultural fields with no green vegetation and with dry soil surface layer,
the sensible heat flux is computed as 𝐻ℎ𝑜𝑡 = 𝑅𝑛 − 𝐺 − 𝜆𝐸𝑇ℎ𝑜𝑡 . This assumption only
holds if there was no precipitation 1-10 days before the image date, otherwise 𝐸𝑇ℎ𝑜𝑡 is
calculated using a water balance model like the one in FAO56 (Allen, R. G. et al., 1998)
and tracking the moisture availability at the “hot” pixel (Allen et al., 2018 (METRIC
applications manual)).
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For the “hot” pixel, 𝐻ℎ𝑜𝑡 is calculated using a spreadsheet and 𝑑𝑇ℎ𝑜𝑡 is computed as
(Allen et al., 2018 (METRIC applications manual)):

𝑑𝑇ℎ𝑜𝑡 =

𝐻ℎ𝑜𝑡 × 𝑟𝑎ℎℎ𝑜𝑡
𝜌ℎ𝑜𝑡 × 𝑐𝑃

(14)

The coefficients of 𝑏 and 𝑎 in the linear equation 𝑑𝑇 = 𝑏 + 𝑎𝑇𝑠 are now computed as
(R. G. Allen et al., 2005):
𝑑𝑇ℎ𝑜𝑡 − 𝑑𝑇𝑐𝑜𝑙𝑑
𝑇𝑠 ℎ𝑜𝑡 − 𝑇𝑠 𝑐𝑜𝑙𝑑

(15)

𝑏 = 𝑑𝑇ℎ𝑜𝑡 − 𝑎𝑇𝑠 ℎ𝑜𝑡

(16)

𝑎=

and

Figure 2.1 shows the graph produced by plotting 𝑑𝑇𝑐𝑜𝑙𝑑 vs. 𝑇𝑠 𝑐𝑜𝑙𝑑 and 𝑑𝑇ℎ𝑜𝑡 vs.
𝑇𝑠 ℎ𝑜𝑡 (Allen et al., 2018 (METRIC applications manual)).
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Figure 2. 1 showing the linear relationship between 𝑑𝑇 and 𝑇𝑠 constructed utilizing known values of 𝑑𝑇
and 𝑇𝑠 at the two anchor (hot and cold) points.

Utilizing the coefficients 𝑏 and 𝑎 and the surface temperature (𝑇𝑠 ) at each pixel in the
image processing model allows the calculation of temperature difference (𝑑𝑇) for each
pixel. Figure 2.2 shows the flowchart of this process, where the calibration step in manual
METRIC applications is done using a spreadsheet (Allen et al., 2018 (METRIC
applications manual)).
Steps 6 to 16 are summarized here with complete details available in the Allen et al.,
2018 (METRIC applications manual). In step 6, air temperature (𝑇𝑎 ) and air density 𝜌
are approximated for the cold and hot pixels using a spreadsheet. The ERDAS Imagine
image processing model is then used for all pixels respectively with the help of their
relevant equations. In step 7, the first estimation of sensible heat flux (H) is made in
METRIC and SEBAL assuming neutral atmospheric conditions using equation 7. In step
8, Monin Obukhov theory,
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Figure 2. 2 Flow chart of the iterative process for computing 𝐻 (Allen et al., 2018 (METRIC applications
manual)).

which is used to define atmospheric stability conditions in the iterative process, is applied
in METRIC and SEBAL to compensate for the buoyancy effects caused by surface
heating. In step 9, friction velocity (𝑢∗ ) value is corrected for each successive iteration
using its relevant equation. In step 10, aerodynamic resistance to heat transport
(𝑟𝑎ℎ ) value is corrected for each successive iteration using its relevant equation. In step
11, new 𝑑𝑇 values are calculated for the anchor pixels using the corrected 𝑟𝑎ℎ value and
by repeating step 5 with the spreadsheet. Furthermore, new values for 𝑑𝑇 equation
coefficients 𝑏 and 𝑎 are calculated and then 𝑑𝑇 is revised for each pixel. In step 12,
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revised values for 𝑇𝑎 and 𝜌 are computed by repeating step 6. In step 13, a corrected
value for 𝐻 is computed by repeating step 7. In step 14, a revised stability correction
value is computed by repeating step 8. In step 15, the iteration process continues until
successive values for 𝑑𝑇 and 𝑟𝑎ℎ at the “hot” pixel have stabilized. In step 16, the final
corrected value of 𝐻 for each pixel is calculated to be used for estimating the
instantaneous 𝐸𝑇 for each pixel. All steps are applied individually to each pixel in a
Landsat image using the ERDAS image processing package for manual METRIC
applications.
2.2.2. Selecting “cold” and “hot” pixels
It is the use of CIMEC (Calibration Using Inverse Modeling at Extreme Conditions)
that gives the METRIC and SEBAL the refined capabilities for high accuracy. CIMEC is
used to calibrate the sensible heat flux (H) algorithm that is later applied to each image
pixel. 𝐻 is required in the energy balance equation 𝜆𝐸𝑇 = 𝑅𝑛 − 𝐺 − 𝐻 to find 𝜆𝐸𝑇 at
each image pixel. In METRIC and SEBAL, 𝐻 values are distributed across an image as
per the delapsed surface temperature 𝑇𝑠 𝑑𝑒𝑚 by utilizing the presumed "𝑑𝑇 𝑣𝑠. 𝑇𝑠 𝑑𝑒𝑚 "
linearity where 𝑑𝑇 is the air temperature difference at two points (0.1 and 2 m above the
zero plane displacement height, 𝑑, plus the roughness height 𝑧𝑜𝑚 ). The 𝑑𝑇 values at the
two extreme conditions (“cold” and “hot” pixels) in an image are used to generate the
linear equation for 𝑑𝑇 vs. 𝑇𝑠 𝑑𝑒𝑚 (Allen et al., 2018 (METRIC applications manual)).
The selection process of the “cold” and “hot” pixels demands knowledge,
attentiveness, and expertise. It requires the user to take into account the spatial and
temporal characteristics of the system being modeled which may include topography,
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land use management practices, soil and vegetation characteristics, weather conditions at
the time of satellite overpass, and the last several weeks before the image date (Allen et
al., 2018 (METRIC applications manual)).
The following will explain the steps of selecting the anchor pixels in both the manual
METRIC and eeMETRIC respectively.
2.2.2.1. Selection of anchor pixels in manual METRIC
These are the general guidelines for selecting the anchor pixels. Additionally, special
attention should be paid to the images that have specific conditions.
A. “Cold” pixel selection
Presumably, the most well-watered and fully vegetated pixels within an image are the
areas where maximum or near-maximum available energy is consumed by evaporation,
which consequently cools the surface below the areas of less ET. In METRIC, cold pixels
are used to designate the amount of 𝐸𝑇 or more specifically sensible heat flux (𝐻) from
these well-watered and fully vegetated areas (Allen et al., 2018 (METRIC applications
manual)).
Traditionally, SEBAL selects the cold pixel from a water body assuming that all the
available energy is consumed by evaporation thus 𝐻 = 0, and 𝐸𝑇 = 𝑅𝑛 − 𝐺. In contrast,
METRIC assumes that the 𝐸𝑇 rate from a large field of alfalfa more closely resembles
the 𝐸𝑇 at the cold pixel. Thus, we assume that at the cold pixel, 𝐸𝑇 = 1.05 𝐸𝑇𝑟 where
𝐸𝑇𝑟 is 𝐸𝑇 rate from alfalfa reference as defined by the ASCE Standardized PenmanMonteith equation for alfalfa (ASCE-EWRI, 2005). As a result, H is allowed to take on
both positive and negative values at the cold condition.
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Selection of the cold anchor pixel
The cold anchor pixel should represent a fully covered and well irrigated agricultural
area. For the mid-growing season, this means an LAI of greater than 3 to 4 𝑚2 𝑚−2. The
following steps show the selection of the “cold” pixel in ERDAS Imagine METRIC
applications:
1. open an image or subset image to view it in true color and false color.
2. Using a separate viewer, open the 𝑇𝑠 𝑑𝑒𝑚 image with Pseudo Color option and
open albedo and NDVI maps in other separate viewers and then link the viewers.
3. Open “Raster – Attributes” on the 𝑇𝑠 𝑑𝑒𝑚 image to observe 𝑇𝑠 𝑑𝑒𝑚 value ranges.
4. Eyepick a 𝑇𝑐𝑜𝑙𝑑 from the fully covered agricultural fields (dark green). Mark the
selected temperature by inserting a color gradation around it. Alternatively, pick a
large sample of pixels, more suitably from agricultural fields using land
cover/land use, and plot the 𝑇𝑠 vs. NDVI as shown in Figure 2.3.
5. View the colored 𝑇𝑠 𝑑𝑒𝑚 image and pick a point that resembles a “cold” (wet)
agricultural field. This point should not be the most extreme cold point but one
that is resembling a well-watered full cover crop within the image. For desirable
results, the cold pixel should:
a. Have a surface albedo value between 0.18 and 0.24 resembling a full
covered reference alfalfa field.
b. Have an 𝑁𝐷𝑉𝐼 value between 0.76 and 0.84 resembling a full covered
agricultural field and the alfalfa reference. This range can be lower for
images taken in non-growing and the late growing seasons.
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c. Be surrounded by other fields that are under similar management practices
(crops, irrigation, etc.).

Figure 2. 3 𝑇𝑠 𝑑𝑒𝑚 vs. 𝑁𝐷𝑉𝐼 for a large number of agricultural fields within 20 km of the Aberdeen,
Idaho weather station for a Landsat 7 image dated July 31, 2009. A good first guess at 𝑇𝑐𝑜𝑙𝑑 would be
approximately 298 K, toward the lower part of the dense cluster of points having 𝑁𝐷𝑉𝐼 > 0.75 (Allen
et al., 2018 (METRIC applications manual)).

d. Be situated in the inner portion of the larger field and away from the very
center of the center pivot field to avoid the pivot hub.
e. Be situated in a homogeneous field having similar 𝑇𝑠 𝑑𝑒𝑚 and 𝑁𝐷𝑉𝐼.
f. Be situated away from the edge of the field facing the wind direction, as
shown in figure 2.4 to ensure that the air mass blowing across the field has
been somewhat conditioned to match the microclimate of the field.
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g. Be situated within 20 to 30 km from the weather station given that the
weather conditions are matching between the weather station and cold
pixel.

Figure 2. 4 Location of an appropriate cold pixel candidate within a field while considering the wind
direction (Allen et al., 2018 (METRIC applications manual)).

6. Examine other areas of the image for similar temperatures.
7. Pick about five to ten matching conditioned candidates and record their X and
Y coordinates for later use.
B. “Hot” Pixel Selection
The 𝑑𝑇 at the “hot” pixel is calculated from 𝐻 computed as 𝐻 = 𝑅𝑛 − 𝐺 − 𝜆𝐸𝑇ℎ𝑜𝑡 𝑝𝑖𝑥𝑒𝑙 .
The best representation of a hot pixel is an agricultural field just used in a crop rotation
and is bare (with no green vegetation) at the time of satellite overpass. Hot desert areas,
an asphalt parking lot, a roof, a south-facing mountain slope, or other similar extremely
hot areas must be avoided while selecting the hot pixel, since the linear relationship
between the 𝑑𝑇 and 𝑇𝑠 𝑑𝑒𝑚 may not be the same as for agricultural and bare agricultural
soils. Furthermore, there are more uncertainties in estimating the soil heat flux, G, for
man-made structures and deserts as compared to recently tilled soils (Allen et al., 2007a).
It should be taken into account that residual evaporation can occur from the soil for up to
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more than two weeks after irrigation, precipitation, or tillage (Allen et al., 2018
(METRIC applications manual)).
In case there have been no recent major precipitation events or irrigation (for
example, within the last month before the image date) the topsoil (0.1 to 0.15 m) of the
field will be dry, 𝜆𝐸𝑇 from bare agricultural soil can be estimated to be zero, and 𝐻 =
𝑅𝑛 − 𝐺. However, recent (within about a month) precipitation events will result in
residual evaporation from the bare soil, leaving 𝜆𝐸𝑇 no longer to be zero, and requiring
𝜆𝐸𝑇 to be computed for the hot pixel conditions before sensible heat flux can be
computed as 𝐻 = 𝑅𝑛 − 𝐺 − 𝜆𝐸𝑇. To estimate the amount of residual evaporation, a
simple daily water model balance referred to as the two-stage slab model, described by
Allen et al. (1998) (pp 142-146) and Trezza (2003), is commonly used in METRIC
(Allen et al., 2018 (METRIC applications manual)).
Selection of the hot anchor pixel
The hot anchor pixel should be picked from a field having little to no vegetation. Like the
cold anchor pixel, the hot anchor pixel is selected using the same procedure however, due
to the wider range of temperatures, the hot pixel is difficult to select. The following steps
show the selection of the “hot” pixel candidate:
1. open an image or subset image to view it in true color and false color.
2. Using a separate viewer, open the 𝑇𝑠 𝑑𝑒𝑚 image with Pseudo Color option and
also open albedo and NDVI maps in other separate viewers and then link the
viewers.
3. Open “Raster – Attributes” on the 𝑇𝑠 𝑑𝑒𝑚 image to observe 𝑇𝑠 𝑑𝑒𝑚 value range.
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4. Eye pick a 𝑇ℎ𝑜𝑡 from the apparent bare agricultural fields. Mark the selected
temperature by inserting a color gradation around it.
5. View the colored 𝑇𝑠 𝑑𝑒𝑚 image and pick a point that resembles a “hot” bare
agriculture field. This point should not be the most extreme hot point. Here,
knowledge about the types of crops grown in the area and their status at the time
of image becomes helpful to make an accurate and representative selection. For
desirable results, the cold pixel should (Allen et al., 2013):
a. Have a surface albedo value between 0.17 and 0.23 for most agricultural
soils.
b. Have an 𝑁𝐷𝑉𝐼 value between 0.1 to 0.15 and below 0.2.
c. Be surrounded by other fields that are under similar management practices
(crops, irrigation, etc).
d. Be situated in the inner portion of the larger field and away from the very
center of the center pivot field to avoid the pivot hub.
e. Be situated in a homogeneous field having similar 𝑇𝑠 𝑑𝑒𝑚 and 𝑁𝐷𝑉𝐼.
f. Be situated away from the edge of the field facing the wind direction, as
shown in figure 2.4 to ensure that the air mass blowing across the field has
been somewhat conditioned to match the microclimate of the field.
g. Be situated within 20 to 30 km from the weather station given that the
weather conditions are matching between the weather station and hot
pixel. It is especially important that the precipitation amounts, and timing
be similar between the hot pixel location and the weather station.
6. Examine other areas of the image for similar temperatures.
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7. Pick about five to ten matching conditioned candidates and record their X and
Y coordinates for later use.
2.2.2.2. Selection of anchor pixels in eeMETRIC:
A statistical procedure is described by Allen et al. (2013) for the automated selection
of anchor pixels. Table 2.1 shows a summary of the procedure:
Table 2. 1 summary of statistical procedure for automated selection of hot and cold pixels. Table from (R.
G. Allen et al., 2013b).
Anchor
Step
Procedure
Pixel

No.

Area of

1a

Consider the agricultural land-use classes (irrigated agriculture in semiarid climate)

Interest

in the image and outline an AOI or several AOIs. A desirable selection would be

(AOI)

>80% agricultural pixels and remaining 20% may contain roadways, homesteads,
small towns, nonagricultural areas, etc. Preferably, the AOI(s) should be located
within 20-30 km of the weather station.
1b

Or instead, select all the pixels that have agricultural or, in dry climate, irrigated
agricultural land use for the National Land Cover Database (NLCD) that are located
within 20-30 km from the weather station. To avoid field boundaries in option 1b,
filtering may be applied. While selecting hot pixel in mid growing season, a grass
rangeland (in arid climate) Land Use from NLCD can be included to ensure an
adequate number of bare soil pixels.

2

The effects of field edges on the values of thermal pixels and the relationships
between 𝑇𝑠 and 𝑁𝐷𝑉𝐼 can be negated by appropriate application of filtering.
Statistics and results will be impacted by the selection of the AOI as 1a or 1b and
edge filtering.

Cold

1

Find the pixel within the defined AOI having the top 5% NDVI and that are within
20-30 km from the weather station for which 𝐸𝑇𝑟 is computed.
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2

Considering the delapsed surface temperature, 𝑇𝑠 𝑑𝑒𝑚 , find the coldest 20% pixels
from the group selected in step 1. Compute the average 𝑇𝑠 𝑑𝑒𝑚 among the coldest
20% 𝑇𝑠 𝑑𝑒𝑚 (step 6 denotes the average 𝑁𝐷𝑉𝐼 of this 1% of the population as
𝑁𝐷𝑉𝐼1 ).

3

Pixels having a 𝑇𝑠 𝑑𝑒𝑚 within ±0.2 K of the average 𝑇𝑠 𝑑𝑒𝑚 and albedo value within
±0.02 of albedo threshold calculated as equation 17, are considered desirable cold
pixel candidates.
𝛼 = 001343 𝛽 + 3281𝑒𝑥 𝑝(−0188 𝛽)

4

(17)

Isolate the candidate pixels that are the closest in resembling the assumed alfalfa 𝐸𝑇𝑟
reference crop conditions by the post processing filter for albedo using equation 17.

5

Select one pixel from the group in step 3 considering its homogeneity among
neighbor pixels and the distance from the weather station. Visually review the
location to confirm it is among the uniformly vegetated pixels, away from the center
of a center pivot irrigated field, and among pixels having matched thermal
conditions. Image attributes of the selected pixels are used in calibration of 𝑑𝑇.

6

Give the cold candidate 𝐸𝑇𝑟 𝐹 value proportionate to the vegetation amount
(necessary for low 𝑁𝐷𝑉𝐼 periods, otherwise, 𝐸𝑇𝑟 𝐹𝑐𝑜𝑙𝑑 = 1.05 is recommended).
𝐸𝑇𝑟 𝐹𝑐𝑜𝑙𝑑 = 1.54𝑁𝐷𝑉𝐼1 − 0.10 𝑓𝑜𝑟 𝑁𝐷𝑉𝐼 < 0.75
𝐸𝑇𝑟 𝐹𝑐𝑜𝑙𝑑 = 1.05 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(18𝑎)

(18𝑏)

𝑁𝐷𝑉𝐼1 is from step 2.
Hot

1

From the selected AOI, find the lowest 10% NDVI. To ensure an adequate number
of bare soil pixels in the selected AOI for step 1b, a nonagricultural LU such as
grassland can be included. The locations should be withing 20 to 30 km of the
weather station so that precipitation amounts and timing are similar.

2

Find the hottest 20% 𝑇𝑠 𝑑𝑒𝑚 from the group selected in step 1 and compute the
average 𝑇𝑠 𝑑𝑒𝑚 among them.
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3

Use the equation provided in Allen et al. (2013) for adjusting the average
temperature.

4

Select one pixel having a 𝑇𝑠 𝑑𝑒𝑚 ± 0.2 K of the average, adjusted 𝑇𝑠 𝑑𝑒𝑚 from the
group in step 2 and 3. Visually review the location to confirm it is among the
uniformly vegetated pixels and within 10-20 km of the precipitation gauge used to
estimate the 𝐸𝑇𝑟 𝐹𝑏𝑎𝑟𝑒 from the water balance mode.

5

Give the hot candidate 𝐸𝑇𝑟 𝐹 value proportionate to 𝐸𝑇𝑟 𝐹𝑏𝑎𝑟𝑒 :
𝐸𝑇𝑟 𝐹ℎ𝑜𝑡 = (𝑓𝑐 𝐸𝑇𝑟 𝐹𝑐𝑜𝑙𝑑 + (1 − 𝑓𝑐 )𝐸𝑇𝑟 𝐹𝑏𝑎𝑟𝑒 )

(19)

Where:
𝑓𝑐 = (
6

𝑁𝐷𝑉𝐼ℎ𝑜𝑡 − 𝑁𝐷𝑉𝐼𝑏𝑎𝑟𝑒
)
𝑁𝐷𝑉𝐼𝑓𝑢𝑙𝑙 − 𝑁𝐷𝑉𝐼𝑏𝑎𝑟𝑒

(20)

Use the properties of the selected pixel to calibrate 𝑑𝑇.

In addition to the above automated procedure, additional developments have been made
to the eeMETRIC calibration that use customized lapse rates that are developed as a
planar surface over the Landsat scene (ReVelle et al., 2019).
2.3. Applications of METRIC
METRIC results have shown great promise when compared to lysimeter, Bowen
ratio, and Eddy covariance results in an array of locations in the U.S. (R. Allen et al.,
2011; R. G. Allen, Tasumi, Morse, et al., 2007; Irmak et al., 2011; Tasumi et al., 2005).
Also, because of physically-based application of surface energy balance algorithms,
METRIC is considered to be a reliable model and several state and federal agencies in the
U.S. have applied it for water resource management tasks (Irmak et al., 2012).
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2.3.1. Comparisons against Lysimeter Measurements
Comparisons between ET by METRIC and ET measured by lysimeter in the Bear
River basin of Idaho have shown an error of 4% during the estimated growing season and
1% for an irrigated sugar beet crop near Kimberly, Id. The standard deviation of error for
periods represented by each satellite image averaged about 13 to 20% in both
applications. It can be implied from these results that METRIC promises to be an
efficient, accurate, and cost-saving method to estimate actual seasonal evaporation fluxes
from irrigated lands.
2.3.2. Applications for Water Resources
In southern Idaho, southern California, Nevada, Utah, Wyoming, Nebraska and New
Mexico, monthly and seasonal 𝐸𝑇 maps from high-resolution Landsat images, produced
by METRIC, have been utilized for water rights accounting, operation of groundwater
models and determination of crop coefficient populations and mean curves for common
crops (R. G. Allen, Tasumi, Morse, et al., 2007b). In Nebraska, METRIC applications
have been used by the Central Platte Natural Resources District (CPNRD) to compare ET
from irrigated vs. rainfed fields and to inform groundwater models on total water
consumption (Kilic & Ratcliffe, 2018). Here, we will briefly describe the Idaho
applications as an example.
Idaho applications
The University of Idaho and the Idaho Department of Water Resources (IDWR) have
made nine different applications and usages of the METRIC 𝐸𝑇 model and data over a 20
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year period. These applications include those from (R. G. Allen, Tasumi, Morse, et al.,
2007b):
1. Estimating water budgets for hydrologic modeling: In this application, 𝐸𝑇 has
been estimated using the monthly and annual 𝐸𝑇 maps produced by METRIC to
enhance the calibration of the remaining components while making water budgets
for the lower Boise Valley and the eastern Snake Plain Aquifer in Idaho to
improve the accuracy of hydrologic models and projections of effects of system
management.
2. Monitoring compliance with water rights: Water rights violations such as
exceeding the maximum rate of diversions applied to some fields have been
detected by IDWR in 2002 while experimentally using METRIC as an operational
regulatory tool for administering water rights. The experiment covered part of the
Eastern Snake River Plain and considerable improvement was noted over the
existing method that uses electrical power records of water pumps.
3. Supporting water resources planning: One of the challenges IDWR must deal
with in river basing planning is the rapid changes of water availability from
conversion of agricultural land use to urban land use. The IDWR, therefore, needs
to know the impacts of transitioning land use from irrigated agriculture to
residential, commercial, and industrial use. The IDWR has used the available
land-cover/land-use classifications combined with METRIC 𝐸𝑇 data to produce
𝐸𝑇 by land cover classes.
4. Estimating aquifer depletion and 5. support ground-water model calibration and
operation: Spatial ET information produced by METRIC was used in a recently
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calibrated MODFLOW groundwater model by Idaho Water Resources Research
Institute (IWRRI) and the University of Idaho for the Eastern Snake River Plain
(ESRP) and Boise Valley aquifers. The result was improved accuracy in the
quantification of depletions from the aquifers caused by pumping and estimation
of incidental recharge to the aquifers originating from irrigation diversions from
the Snake and Boise Rivers.
6. Estimating water use by irrigated agriculture: Approximately 200,000 ha of
agricultural land is irrigated from approximately 5,000 wells in the eastern half of
the ESRP and monitoring groundwater use on such a large scale is itself a
challenge from the logistical point. Given that flow-measurement instruments are
not installed in many of these wells, the only feasible method to estimate water
use is through electrical power consumption records. An evaluation of the
correlation between METRIC 𝐸𝑇 and groundwater consumption calculated
utilizing electric power consumption factors (PCF) by IDWR, to assess relative
uncertainty in the quantification of depletions by pumping, has put more
credibility in METRIC results than in the pumping records. Furthermore,
METRIC has proved to have a cost advantage of about 5:1 compared to the PCF
method that needs pump discharge measurements, system audits, and reporting.
7. Estimating historical water use for water rights transfers: IDWR has integrated
seasonal METRIC 𝐸𝑇 maps for southern Idaho over irrigation project areas to
quantify historical water use by irrigation projects and individual fields.
Comparison of the historical pumping records by farmers and crop coefficient-
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based estimates to 𝐸𝑇 integrated from METRIC used in negotiations have helped
to resolve differences in estimates of consumed volumes for purchase.
8. Developing populations of Kc curves and establishing mean Kc curves for southcentral Idaho: In southern Idaho, 𝐸𝑇 maps created by METRIC were used in a
study evaluating temporal and spatial distributions of Kc by specific crop type
over large numbers of fields (R. G. Allen, Tasumi, & Trezza, 2007b). A series of
satellite-derived vegetation indices (NDVI) was used to determine crop types with
a combination of ground truth-based crop types of classification. The distribution
of 𝐾𝑐 had a strong relation to NDVI.
9. Evaluating the relative performance of an irrigation canal company by
comparing ET with diversions: A performance analysis for the Twin Falls Canal
Company (the Company) project, that diverts irrigation water from the Snake
River and transports it via three gravity canals, was performed in northern Twin
Falls County of Idaho on the demand of the company to assess constraints to
delivery of water during specific months and to assess the impacts of drought and
reduced divertible river supplies in 2003 on project ET. ET estimates from
Landsat images and net diversions by the project were compared. Overall
performance of the canal was rated satisfactory as the fractions of diversions and
the precipitation evaporated were reasonable relative to the canal lengths and
applied irrigation methods. Furthermore, the nonevaporated fractions of
diversions are stored in the soil, contribute to groundwater recharge, or return to
the Snake River via surface and subsurface flows.
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More details and numerical facts about each of the aforementioned applications and
METRIC applications in southern California and New Mexico can be found in (R. G.
Allen, Tasumi, Morse, et al., 2007).
2.4. Drawbacks to METRIC
Despite bearing considerable accuracy and supporting various applications, one major
drawback to the manually applied METRIC model is that it requires a skilled person to
calibrate and run the model for each Landsat scene and image date and to specify the
extreme ranges in ET (High and Low) within an image. In addition, it can prove to be
time-consuming. Besides, different users with dissimilar levels of experience are likely to
produce different results (Morton et al., 2013). Furthermore, background knowledge in a
variety of disciplines such as hydrologic science or engineering and environmental
physics, including theories of mass and momentum transfer, shortwave and longwave
radiation physics, acquaintance with vegetation systems and phenology, growth and
canopy characteristics, and specific human agricultural activities (tillage and irrigation) is
highly desired for a METRIC user to perform reality checks and to interpret vegetation
and ET behavior (Allen et al., 2018 (METRIC applications manual)).
To minimize the uncertainties inflicted by human interference in the operation and to
save time and money, (R. G. Allen et al., 2013a; Morton et al., 2013) designed automated
calibration algorithms for the METRIC model, as previously described, that can produce
ET estimations mimicking those produced manually by a well-trained user (Morton et al.,
2013).
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However, some of the required expertise for users like accruing and assembling a
diverse set of inputs such as satellite image, land cover map, digital elevation map, local
weather data, and soils maps from different sources and a substantial amount of
preprocessing required for the different inputs before applying the algorithm still stays
the most time-consuming portion of the overall process. To overcome this obstacle, a
Landsat-based evapotranspiration mapping tool on the Google Earth Engine was
designed and developed. Based on the METRIC model this application uses Google
Earth Engine (GEE) as a platform and is referred to as Earth Engine Evapotranspiration
Flux and as Earth Engine METRIC (EEFlux and eeMETRIC). EEflux uses Landsat
imagery archives stored on Google Earth Engine (GEE) and a web-based interface
enables users to request ET maps for any Landsat 5, 7, 8 or 9 scenes within seconds.
Additional maps such as surface temperature (𝑇𝑠 ) maps, normalized difference vegetation
index (NDVI) maps and albedo maps for any Landsat scene can be produced as
intermediate products that can be useful for applications other than 𝐸𝑇 (Allen et al., 2015
(ASABE)).
2.5. EEFlux and eeMETRIC
EEflux, as stated in 1.1, is a version of METRIC that operates on Google Earth
Engine and has a web-based interface and provides free access to 30 m spatial ET data
for Landsat image sites around the globe (Kilic et al., 2020). EEFlux provides 𝐸𝑇 maps at
the 30 m scale with relatively high accuracy produced from the thermal imagery captured
by Landsat from 1984 to the present. These on-demand maps are useful in various water
resource management applications including assessing surface and groundwater system
depletion, running hydrologic water balances and driving hydrologic process models,
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assessing plant water stresses and reductions in biomass production, assessing plant water
use productivity, and managing rights and access to water (R. Allen et al., 2015).
A version of EEflux named eeMETRIC is also a part of the U.S.-wide OpenET
platform (https://openetdata.org/ and Melton et al., 2021) that provides free access to ET
data for the lower 48 states. The OpenET program aims to facilitate boosting water
exchange between agriculture, cities and environment by providing improved and free
estimates of spatial consumption of water (Kilic et al., 2020; Melton et al., 2021). Both
EEFlux and eeMETRIC employ similar automated calibration strategies with
enhancements in eeMETRIC to better account for impacts of terrain (ReVelle et al.,
2019).
OpenET is a community-driven project building on the recent advances of ET that
have led to the development of multiple approaches for field-scale ET mapping to
develop an operational system for producing and distributing field-scale ET information
using an ensemble of six well-established satellite-based approaches, summarized in
Table 2.2, for mapping ET.(Melton et al., 2021). OpenET provides remotely sensed
estimates of the water amounts lost from land to atmosphere via the process of
evapotranspiration, also referred to as ‘actual ET’ as it indicates a value of the actual
amount of ET that took place over a specific period of time (OpenET
(https://openetdata.org/)).
The primary objectives of OpenET include: expanding access to satellite-based ET
information through a web-based data explorer and data services, backing up the use of
ET data for multiple applications of water resource management, and developing use
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cases and training resource for farmers and water resource managers (Melton et al.,
2021). OpenET provides an Application Program Interface (API) that can be used to pull
out data from OpenET via both scripted queries and graphical user interface and can be
integrated with other applications for irrigation scheduling, farm management, water use
reporting, and water management (Melton et al., 2021; OpenET (https://openetdata.org/)).
Table 2. 2 Models used in OpenET (Melton et al., 2021).

Model acronym

Model name

ALEXI/disALEXi Atmosphere-Land Exchange
Inverse/Disaggregation of the
Atmosphere-Land Exchange Inverse
(ver.
0.0.27)
eeMETRIC
Mapping Evapotranspiration at High
Resolution with Internalized
Calibration (ver. 0.20.15)
geeSEBAL
Surface Energy Balance Algorithm
for Land using Google Earth Engine
(ver. 0.2.1)
PT-JPL
Priestley-Taylor Jet Propulsion
Laboratory (ver. 0.2.1)
SIMS
Satellite Irrigation Management
Support (ver. 0.0.20)
SSEBop
Operational Simplified Surface
Energy Balance (ver 0.1.5)

Primary references
Anderson et al., (2007,
2018)

Allen et al. (2005,
2007a, 2011)
Bastiaanssen et al.
(1998); Laipelt et al.
(2021)
Fisher and Tu. (2008)
Melton et al. (2012);
Pereira et al. (2020)
Senay et al. (2013);
Senay (2018)

2.6. eeMETRIC
The METRIC version of OpenET is referred to as eeMETRIC, which includes cloud
detection and time integration of instantaneous ET images into monthly ET maps
(Kilic et al., 2020). eeMETRIC uses the same METRIC calibration process with a
linear relationship between near air surface temperature (𝑑𝑇) and delapsed surface
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temperature (𝑇𝑠 𝑑𝑒𝑚 ) used to estimate sensible heat flux (𝐻) (OpenET
(https://openetdata.org/)). eeMETRIC, like its counterpart (EEflux), is a full surface

energy balance model that can provide estimates of net radiation (𝑅𝑛 ), sensible heat
flux (𝐻), and ground heat flux (𝐺). It also estimates ET as the residual of surface
energy balance component (𝐸𝑇 = 𝑅𝑛 − 𝐻 − 𝐺). The eeMETRIC application is
similar to EEflux except that it is designed to be accessible through an API so that it
can be reachable by outsiders via calls to Google Earth Engine (Kilic et al., 2020). In
addition, eeMETRIC includes the “mountain” functions used in the ERDAS Imagine
version of METRIC (Allen et al., 2013) and enhanced delapsing functions (ReVelle et
al., 2019), whereas EEflux does not, in order to keep its computation times short.
Both eeMETRIC and EEflux calibrate and process single Landsat scenes (a
specific path and row and date) for each processing application. In contrast, the
manually applied METRIC can process two to four rows of Landsat scenes at a time
for a particular path and date. As discussed in Chapter 4, this difference can impact
agreement between the automated METRIC models and the manually applied
versions.
2.7. Study objectives
The objectives of this study are to:
1. Study the behavior of eeMETRIC relative to manual applications of METRIC.
2. Compare the eeMETRIC results with the manual METRIC results to assess
the utility and accuracy of eeMETRIC products under a range of locations,
vegetation types, and times of the year.
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3. Given that eeMETRIC is derived from manual METRIC, examine the
difference between their products to confirm its functioning on Earth Engine.
2.8. Previous work
In a study by Fooad et al (2018), Comparison of the Automatically Calibrated
Google Evapotranspiration Application—EEFlux and the Manually Calibrated
METRIC Application, various products from both the EEFlux and manual METRIC,
including the fraction of reference 𝐸𝑇 (𝐸𝑇𝑟 𝐹), actual 𝐸𝑇 (𝐸𝑇𝑎 ), net radiation (𝑅𝑛),
ground heat flux (𝐺), sensible heat flux (𝐻), Ts, albedo, and 𝑁𝐷𝑉𝐼 were compared to
assess the utility and accuracy of EEFlux products. The EEFlux data were used from
version 0.9.4 to be compared with the manual METRIC data produced by the trained
METRIC appliers.
While a detailed comparison of the products from both applications is available at
(Foolad et al., 2018), the following is a brief overview of the comparison.
2.8.1. Similarities and Differences between EEFlux and METRIC
EEFlux (and eeMETRIC) uses the same algorithm applied by METRIC to
calculate latent heat energy (𝐿𝐸, 𝑊/𝑚2 ) on a pixel-by-pixel basis as a residual of
the surface energy balance equation. As noted previously, however, EEFlux does
not contain the “mountain” functions for complex terrain.
EEFlux and eeMETRIC differ from manual METRIC in the use of
weather source data in its calibration and calculations. Depending on the location
of the site of interest, EEFlux and eeMETRIC use several gridded weather data
sources. These include North American Land Data Assimilation System
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(NLDAS) (https://ldas.gsfc.nasa.gov/nldas/) hourly weather data for model
calibration and GridMet gridded weather data or California Irrigation
Management Information System (CIMIS) (https://cimis.water.ca.gov/) for daily
weather data used during time integration of daily data into monthly estimates. In
the case of applications outside the U.S., six-hourly CFSv2 operational analysis
and the Climate Forecast System Reanalysis (CFSR)
(http://cfs.ncep.noaa.gov/cfsr/) gridded weather data are used for calibration and
calculations. In contrast, manual applications of METRIC generally use groundbased hourly weather data from one or more agriculturally sited weather station
for the same tasks.
EEFlux also has an internal difference from METRIC in calculating 𝐺. Depending
on the versions of METRIC 𝐺 is calculated by either of the following equations
considering the leaf area index (LAI) value:
𝐺
= 0.05 + 0.18𝑒 −0.521 𝐿𝐴𝐼
𝑅𝑛
𝐺
1.80(𝑇𝑠 − 273.15)
=
𝑅𝑛
𝑅𝑛 + 0.084

(𝐿𝐴𝐼 ≥ 0.5)

(𝐿𝐴𝐼 < 0.5)

(7𝑎)

(7𝑏)

Recent versions of METRIC have calculated G as a function of LAI only, or as a
function of Rn and H (Allen et al., 2018 (METRIC applications manual)).
EEFlux calculates 𝐺 as:
𝐺 = (0.1 + 0.17𝑒 −0.55 𝐿𝐴𝐼 ) × 𝑅𝑛

(8)

This difference results in different 𝐺 products that stay there in the calibration of
𝐻 and are only factored back out via the internal bias corrections in METRIC and
EEFlux during the calculation of 𝐸𝑇𝑎 .
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2.8.2. Results
The comparison of the three intermediate products, 𝑇𝑠 , Albedo and 𝑁𝐷𝑉𝐼 by
Foolad et al. showed similar results from both models with their 𝑅 2 values and
slopes near to 1.0. 𝐺 products had a relatively low agreement and had a positive
offset in EEFlux estimate due to a different equation used in EEFlux as stated in
2.8.1.
𝐸𝑇𝑟 𝐹 values had a close agreement from both applications with the 𝑅 2 values and
slopes close to 1 and 𝑅𝑀𝑆𝐸 equal to 0.03 showing the similarity of the automatic
energy balance calibration run in EEFlux and manual energy balance calibration
in METRIC. However, for the daily 𝐸𝑇𝑎 the comparison showed EEFlux having a
bias over METRIC mainly because the conversion of 𝐸𝑇𝑟 𝐹 to daily 𝐸𝑇𝑎 by
multiplying the 𝐸𝑇𝑟 𝐹 by daily 𝐸𝑇𝑟 stemmed from the synoptic gridded weather
data in EEFlux contrary to being derived from a local measured point or gridded
weather data collected from agricultural environments. It is therefore important to
be aware of these biases.
2.9. What is new in this study?
In this study, products from eeMETRIC (version 0.20.15) are used. Furthermore, the
products compared in this study from eeMETRIC (eeMETRIC) and manual METRIC
(manual METRIC) depart from one another in the following manner:
1. Automatic calibration (eeMETRIC) vs manual calibration (manual METRIC) on
the image date
1.1.

Different means for estimating residual soil evaporation for the hot pixel

1.2.

Enhanced strategy for delapsing land Tsurface temperature
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2. Final ET products for both calibrations (monthly)
2.1.

eeMETRIC uses daily EToF for interpolation whereas manual METRIC
uses daily ETrF for interpolation.

2.2.

eeMETRIC uses linear interpolation of daily EToF whereas manual
METRIC uses spline interpolation of daily ETrF. In figures 2.5 and 2.6, the
difference of using the spline interpolation (blue line) vs linear interpolation
(pink line) can be compared. The big pink symbols show the ETrF produced
by METRIC for each image date for the specified points.

Figure 2. 5 Graphic representation of the difference of using linear interpolation vs. spline
interpolation (Allen et al., 2018 (METRIC applications manual)).

2.3.

eeMETRIC uses the ratio of ETa/ETo at overpass time to establish daily
EToF whereas manual METRIC uses ETa/ETr at overpass time to establish
daily ETrF. The daily ETr / overpass time ETr ratio can be larger than the
daily ETo / overpass time ETr ratio because afternoon heating can increase
advection that tends to increase the daily ETr estimate more than the daily
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Figure 2. 6 Graphic representation of the difference of using linear interpolation vs. spline
interpolation (Allen et al., 2018 (METRIC applications manual)).

ETo estimate. This is due to the stronger wind/vapor pressure deficit term
in the PM as used for ETr as compared to when used for ETo.
2.4.

Daily ETr in manual METRIC is estimated from local agricultural weather
stations whereas daily ETo in eeMETRIC is estimated from GridMET
gridded weather data with the application of a bias correction to the ETo.
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CHAPTER 03 MATERIAL AND METHODOLOGY
3.1. Material and tools
To perform the comparisons, the following materials and tools were utilized:
1. ET maps from manual METRIC: Daily ET maps for the satellite overpass dates
and monthly ET maps that had been produced by the University of Idaho and
University of Nebraska using manual applications of METRIC were provided by
the Idaho State Departments of Water Resources and University of NebraskaLincoln.
2. ET maps from eeMETRIC: Daily ET maps for the satellite overpass dates and
monthly ET maps were produced with eeMETRIC acquired from the OpenET
web-based collection on Google Earth Engine (GEE).
3. ArcGIS software: For performing spatial analyses (details in section 3.3.).
4. MS Excel: For performing statistical analyses (details in section 3.3.).
3.2. Study Area
Locations from Nebraska and Idaho were selected for the comparison of eeMETRIC
results to the manual METRIC results for primarily irrigated agricultural areas. The
selection of these areas for the study was based on the importance of water in those areas,
the substantial impact of water on the economies, and the availability of previously
processed manual METRIC images that had been used for managing various water
resources issues for the areas. Furthermore, the two areas of Idaho and Nebraska
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Figure 3. 1 Locations of Landsat Paths utilized for the study.

represent two important and different areas of the US so that regional differences can be
observed in the comparison statistics.
Figure 3.1 shows the Landsat scene locations and study areas utilized for the study.
30 Landsat images (Path 39, Rows 29-31) across 10 Landsat image dates and 24 Landsat
images (Path 40, Rows 30-31) across 12 Landsat image dates were selected from the
growing season (April-October) of 2018 in Southern Idaho representing a large, irrigated
area in the Snake River Plain. In central Nebraska, 16 Landsat images (Path 29, Rows 3132) across 8 Landsat image dates were selected. These image dates were from the
growing season (May-October) of 2016 focusing on the agricultural lands along the Platte
River. Thus, in total, 70 images were utilized across 5 different locations in the western
and central United States.
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3.3. Method
The method used for the comparison of the results from both the manual METRIC
and eeMETRIC models includes the following steps:
Step 1. Obtaining ET maps: For eeMETRIC data, the version of the eeMETRIC used
to process images was 0.20.15 and the images were from collection 2. The daily ETrF
images were processed using a standalone script eeMETRIC, the calculation of these
bands was directly from eeMETRIC.
For monthly ETrF, since eeMETRIC produces EToF and not ETrF, the following
method was used to derive monthly ETrF: For Idaho, the manually produced monthly
data files had three layers and one of them was ETr. The ET (mm/month) layer was
taken from OpenET/eeMETRIC and was divided by the monthly ETr layer from the
Idaho manual ET products. This produced ETrF monthly. For Nebraska, the ET from
manual METRIC for monthly was taken and was divided by the monthly ETrF to get
monthly ETr. Then the OpenET monthly ET (mm/month) was divided by the ETr to get
ETrF for the OpenET/eeMETRIC. A similar process was used to estimate daily ETrF for
eeMETRIC on dates of satellite overpasses. This is because OpenET only reports EToF
rather than ETrF. Therefore, daily ETr from manual METRIC was divided into daily ETa
of eeMETRIC. The result of the production of daily and monthy ETrF for
OpenET/eeMETRIC using ETr from the manual METRIC is that the ETr foundation is
the same. The advantage of this is that the ETrF estimates can focus on the ET internally
calculated inside the two versions of METRIC and are not influenced by differences in
calculation of ETr or ETo outside the models during time integration steps.
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As mentioned in section 3.1., daily ET maps for the satellite overpass dates, and
monthly ET maps were acquired from both manual METRIC and eeMETRIC models
from their relative resources. The maps selected for the study contain the highest
percentage of cloud-free images. Also, for those images having minor cloud cover, a
cloud mask was applied so that sampling from a clouded area was avoided.
Step 2. Importing ET maps to ArcMap: The acquired ET maps from both the models
were brought into an ArcMap file for performing spatial analyses. ArcGIS versions
10.7.1 and 10.8 were utilized in the study. To make sure that ET values compared from
both maps were picked from the same location, ET maps from both the models were
projected to the same coordinate system. Since manual METRIC products were used in
this study as the baseline to compare eeMETRIC products with, we have made sure that
the coordinate system for the ET maps acquired from eeMETRIC agrees with the
coordinate system of the ET maps produced with manual METRIC. This is done by
reprojecting the eeMETRIC maps using the Project Raster geoprocessing tool and the
NEAREST resampling technique. For Idaho, the IDWR used the NAD_1983_Idaho_TM
XY coordinate system and the OpentET used WGS_1984_UTM_Zone_12N XY
coordinate system so the later was changed to the NAD_1983_Idaho_TM. For Nebraska,
both the CPNRD and OpenET used WGS_1984_UTM_Zone_14N XY coordinate
system. Furthermore, the Raster Calculator tool was used to make the values in the maps
from both models represented in similar units. For instance, the monthly ETrf values in
the eeMETRIC maps are represented as 5-digit integer values whereas the monthly ETrf
values in the manual METRIC maps are represented in decimal values. This has been
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dealt with by using the raster calculator by dividing the eeMETRIC raster values by the
number of 10,000 to show it as a decimal value.
Step 3. Sampling method: For the comparison, first, agricultural areas were outlined
in the Landsat scenes and then 600 to 5000 pixels were randomly chosen from those
areas. To differentiate the different land cover classes from one another, National Land
Cover Database (NLCD 2019 Land Cover (CONUS)) (https://www.mrlc.gov) raster data
were used. For sampling the pixels of interest, point features were created on those
pixels. Next, a buffer was created around each point feature with a diameter of 90 meters
and then the circular buffer was converted to a square polygon using the Feature
Envelope to Polygon tool of ArcGIS thus creating a square area of 90 x 90 meters around
each point location for sampling encompassing 3 x 3 pixels of 30m resolution. The 3 x 3
pixel area helped to average out pixel to pixel differences. All buffered sample points
were reviewed to ensure that they were well within interiors of fields to avoid any edge
effects caused by the relatively large 100 m native pixel size of the thermal sensor on
Landsat 8.
Step 4. Extracting ET values: To extract the values from the created sampling square
areas, the spatial analyst tool called Zonal Statistics as Table was utilized. In the Zonal
Statistics, the mean value option for each sampling square area was chosen and the values
were placed in a table. This way, values were extracted from both ET maps using the
same sampling areas. Finally, the tables were joined into one table using the OBJECTID
field and exported to an Excel database.
Step 5. Statistical analyses: Once the tables containing the extracted values were in
Excel, scatterplots were created to show the correlation between the sets of values. The
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manual METRIC values, which are considered to represent the expected or forecasted
values were placed on the horizontal axis and the eeMETRIC values, considered the
observed or estimated values, were placed on the vertical axis. The slopes of regressions
and R2 values were calculated.
Comparison criteria: Index of agreement (IA) and Coefficient of Determination (𝑅 2 )
were calculated for each set of data to compare eeMETRIC products with the same
products from METRIC. In addition, slopes of eeMETRIC products vs. METRIC
products with zero intercept were calculated to indicate when eeMETRIC underestimated
or overestimated, on average, compared to METRIC.
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CHAPTER 04 RESULTS AND STATISTICAL ANALYSES
4.1. Idaho results

Path 40

Path 39

Figure 4. 1 Idaho Path 39 and Path 40 with all the sampled locations.
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Here is a brief graph by graph discussion separate for each path.
4.1.1. Idaho daily ETrF, Path 39 Rows 30-31:
April 22, 2019. This comparison shows a consistent primary trend with little scatter
for a majority of sampled locations, along with a second, lower trend. The primary
trend followed the 1:1 line relatively closely, with about 0.1 overstatement at the
lower end of ETrF (ETrF from manual METRIC = 0.0) and close agreement at the
upper end of ETrF when ETrF from manual METRIC = 1.0. There was a small
number of high outliers from the trend lines.
The 𝑹𝟐 was degraded by the presence of the two trend lines. The reason for the two
trends is that the lower trend is from P39 R31, and the upper trend is from P39 R30,
since each row is calibrated individually in eeMETRIC, but as a unit in manual
METRIC.
June 1, 2019. This date had a linear trend between eeMETRIC and manual METRIC
ETrF with an only low amount of scatter. The 𝑹𝟐 was high at 0.97. Overstatement of
ETrF by eeMETRIC was about 0.07 at the lower end of ETrF, with 0.0 overstatement
at the upper end of ETrF.
June 17, 2019. This date had a strong linear trend between eeMETRIC and manual
METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.97. The
small amount of disagreement between the models from the regression line helps to
confirm that the locations and pixels sampled between the two data sets were the
same. Overstatement by eeMETRIC was about 0.15 at the lower end of ETrF and
agreement was close at the upper end of ETrF.
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July 11, 2019. This date had a linear trend between eeMETRIC and manual METRIC
ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.97. Overstatement by
eeMETRIC was relatively high at 0.33 at the lower end of ETrF and agreement was
close at the upper end of ETrF.
July 27, 2019. This date had a linear trend between eeMETRIC and manual METRIC
ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.94. Overstatement by
eeMETRIC was relatively high at 0.27 at the lower end of ETrF and agreement was
close at the upper end of ETrF.
August 12, 2019. This date had a linear trend between eeMETRIC and manual
METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.97.
Overstatement by eeMETRIC was relatively high at 0.31 at the lower end of ETrF
and agreement was close at the upper end of ETrF.
August 28, 2019. This date had a strong linear correlation between eeMETRIC and
manual METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.99
with about 0.1 overstatement at the lower end of ETrF and close agreement at the
upper end of ETrF.
September 13, 2019. This date had a strong linear correlation between eeMETRIC
and manual METRIC ETrF with only a small amount of scatter. The trend followed
the 1:1 line relatively closely, with close agreement at the lower end of ETrF and a
narrow understatement at the upper end of ETrF. The 𝑹𝟐 was high at 0.97.
October 07, 2019. This date showed a strong linear correlation between eeMETRIC
and manual METRIC ETrF with a small amount of scatter. There was an
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overstatement of about 0.1 at the lower end of ETrF and almost a similar amount of
overstatement at the upper end of ETrF. The 𝑹𝟐 was high at 0.95.
October 15, 2019. This date showed a near perfect linear trend between eeMETRIC
and manual METRIC ETrF with a small amount of scatter. The 𝑹𝟐 was high at 0.93.
There was a close agreement both at the lower end and the upper end of ETrF. Table
4.1 shows a summary of the above discussions.

𝑹𝟐
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0.11

0.11

0.00

1.0
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3,919

0.93

0.07

0.07

0.01

1.0
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0.98
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0.15
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0.01

1.0
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0.97
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0.71

0.33
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0.05

1.0
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0.87
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0.27

0.03

1.0
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0.92
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0.03

1.0

0.97

0.90
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0.88
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0.02

1.0

0.99

0.98

2,302

0.95

-0.01

-0.01*

-0.06*

1.0

0.97

0.99

3,632

0.95

0.12

0.12

0.08

1.0

0.95
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1,695

1.0

-0.02

-0.02*

-0.02*

1.0

0.93

0.98

Upper
end2

Index of
agreement

Apr 22,
2019
Jun 01,
2019
Jun 17,
2019
Jul 11,
2019
Jul 27,
2019
Aug 12,
2019
Aug 28,
2019
Sep 13,
2019
Oct 07,
2019
Oct 15,
2019

Lower
end1

Slope with
zero intercept

39/
29, 30, 31
39/
29, 30, 31
39/
29, 30, 31
39/
29, 30, 31
39/
30, 31
39/
29, 30, 31
39/
29, 30, 31
39/
29, 30, 31
39/
29, 30, 31
39/
29, 30, 31

Y-intercept

Date

Slope

Path/
Row

Observations (n)

Table 4. 1 Summary statistics for daily ETrF calibration results for year 2019 for the Snake River Plain
(Path 39 Row 30-31).
Understatement/
Overstatement
Remarks

*- shows
understatement

*- shows
understatement

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ETrF by the manual METRIC model. This is normally for
manual METRIC ETrF of 0.0, but may be higher during periods when nearly all crops have high ETrF.
These values are general average values for ETrF from the eeMETRIC model and tend to be similar to
estimates using the linear regression equation at the lower end of ETrF.
1

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ETrF by the manual METRIC model. This is
normally for manual METRIC ETrF of about 1.0. These values are general average values for ETrF from
2
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the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ETrF.

For the above results, usually ETrF at the higher end is in good agreement between
eeMETRIC and manual METRIC for nearly all dates. Estimates at the lower end of
ETrF often agree well for many dates, but three out of ten dates had ETrF estimates
by eeMETRIC at the lower end that were 0.3 to 0.4 above those by manual METRIC.
Reasons for this may include the way that eeMETRIC searches for hot pixels in its
automated mode. It may be that eeMETRIC only searches within agricultural land
use. The internal calibration strategy in eeMETRIC may have selected warmer pixels
to represent ET = 0 so that estimates for dry agricultural pixels that may have been
somewhat cooler than the selected hot pixel took on positive values. It is worth to be
reminded that eeMETRIC selection is completely automated and uses advanced
delapsing strategies, whereas manual METRIC uses manual selection of the hot pixel
after viewing distribution of ET results and after plotting ETrF vs. NDV and
evaluating their distribution in associated with estimated evaporation due to recent
precipitation events. There may be the possibility of error in evaporation estimates
made in eeMETRIC using the daily evaporation model. This may be caused by the
use of gridded precipitation data in eeMETRIC calculations that can have both spatial
and magnitudinal error.
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Figure 4. 2 ETrf calibration results for year 2019 clear images for the Snake River Plain
(Path 39 Row 30-31) on Landsat overpass dates.

1:1 Slope

Calibration Slope

4.1.2. Idaho monthly ETrF, Path 39 Rows 30-31:
April 2019. This month had a linear trend between eeMETRIC and manual METRIC
EtrF with moderate scatter. The 𝑹𝟐 was about 0.80. There was an overstatement of
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about 0.05 by eeMETRIC at the lower end of ETrF, and an understatement of about 0.25 at the upper end of ETrF.
May 2019 was not included in the analyses for the reason that in manual METRIC the
month of May for the year 2019 for Idaho was processed using the Sentinel satellite
data with an overpass date of May 12th, while eeMETRIC only uses Landsat data and
had overpass dates of May 15th and May 31st for the same year. Therefore, it did not
have corresponding data from the two models and was excluded.
June 2019. This month had a linear trend between eeMETRIC and manual METRIC
ETrF with a moderate scatter and no outliers. The 𝑹𝟐 was a little higher at 0.87.
There was an overstatement of about 0.16 by eeMETRIC at the lower end of ETrF,
and an understatement of -0.16 at the upper end of ETrF.
July 2019. This month had a linear trend between eeMETRIC and manual METRIC
ETrF with a low scatter. The 𝑹𝟐 was a touch low at about 0.77. There was an
overstatement of about 0.30 by eeMETRIC at the lower end of ETrF, and a small
amount of understatement of -0.13 at the upper end of ETrF.
August 2019. This month had a linear correlation between eeMETRIC and manual
METRIC ETrF with a moderate scatter. The 𝑹𝟐 was high at 0.90 with about 0.25
overstatement at the lower end of ETrF and an understatement of -0.17 at the upper
end of ETrF.
September 2019. This month had a strong linear correlation between eeMETRIC and
manual METRIC ETrF with a moderate scatter. The 𝑹𝟐 was high at 0.92.
Overstatement at the lower end of ETrF was about 0.10 and understatement at the
upper end of ETrF was about -0.17 understatement.
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October 2019. This month had a strong linear correlation between eeMETRIC and
manual METRIC ETrF with relatively larger scatter. The 𝑹𝟐 was somewhat low at
0.83. Overstatement at the lower end of ETrF was lower by about 0.06 and
understatement at the upper end of ETrF was about -0.20. Table 4.2 shows a
summary of the above discussions.
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Table 4. 2 Summary statistics for monthly ETrF calibration results for year 2019 for the Snake River Plain
(Path 39 Row 30-31).
Understatement/
Overstatement
Lower
end1

Upper
end2

0.69

0.05

0.05

-0.25*

0.67

0.16

0.16

2,328

0.57

0.30

Aug
2019

2,165

0.58

Sep
2019

2,302

Oct
2019

1,695

Remarks

*- shows
understatement

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ETrF by the manual METRIC model. This is normally for
manual METRIC ETrF of 0.0, but may be higher during periods when nearly all crops have high ETrF.
These values are general average values for ETrF from the eeMETRIC model and tend to be similar to
estimates using the linear regression equation at the lower end of ETrF.
1

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ETrF by the manual METRIC model. This is
normally for manual METRIC ETrF of about 1.0. These values are general average values for ETrF from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ETrF.
2
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Figure 4. 3 monthly ETrf calibration for Snake River Plain (Path 39 Row 30-31)
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4.1.3. Idaho monthly ET, Path 39 Rows 30-31:
April 2019. This month had a linear trend between eeMETRIC and manual METRIC
ET with a moderate scatter. The 𝑹𝟐 was low at 0.77. There was an overstatement of
about 7 mm by eeMETRIC at the lower end of ET (where ET form manual METRIC
is 0), and an understatement of about -71 mm at the upper end of ET (where ET from
manual METRIC is 250 mm).
As stated in 4.1.2, May 2019 was excluded from the analyses due to the absence of
corresponding data from both models.
June 2019. This month had a linear trend between eeMETRIC and manual METRIC
ET with a moderate scatter and no outliers. The 𝑹𝟐 was a little higher at 0.87. There
was an overstatement of about 35 mm by eeMETRIC at the lower end of ET, and a
slight understatement of -46 mm at the upper end of ET.
July 2019. This month had a weak linear trend between eeMETRIC and manual
METRIC ET with low scatter. The 𝑹𝟐 was moderately on the lower side at 0.81.
There was an overstatement of about 72 mm by eeMETRIC at the lower end of ET,
and a small amount of understatement of -34 mm at the upper end of ET.
August 2019. This month had a weak linear correlation between eeMETRIC and
manual METRIC ET with a small amount of scatter. The 𝑹𝟐 was high at 0.89 with
about 61 mm of overstatement at the lower end of ET and an understatement of about
-43 mm at the upper end of ET.
September 2019. This month had a linear correlation between eeMETRIC and
manual METRIC ET with a low scatter. The 𝑹𝟐 was high at 0.92. Overstatement at
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the lower end of ET was about 15 mm and understatement at the upper end of ET was
about -52 mm.
October 2019. This month had a linear correlation between eeMETRIC and manual
METRIC ET with relatively low scatter. The 𝑹𝟐 was somewhat low at about 0.83.
Overstatement at the lower end of ET was low about 5 mm and understatement at the
upper end of ET was about -58 mm. Table 4.3 shows a summary of the above
discussions.
Table 4. 3 Summary statistics for monthly ET calibration results for year 2019 for the Snake River Plain
(Path 39 Row 30-31).

Slope with
zero intercept
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1.0

0.77
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*- shows
understatement

2,747

0.67

35

35

-47

1.0

0.87

0.93

2,417

0.57

72

72

-34

1.0

0.81

0.88

2,417

0.58

61

61

-43

1.0

0.89

0.92

2,340

0.73

15

15

-52

1.0

0.92

0.95

2,340

0.74

5

5

-58

1.0

0.83

0.96

Lower
end1

Upper
end2

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ET by the manual METRIC model. This is normally for
manual METRIC ET of 0.0, but may be higher during periods when nearly all crops have high ET. These
values are general average values for ET from the eeMETRIC model and tend to be similar to estimates
using the linear regression equation at the lower end of ET.
1

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ET by the manual METRIC model. This is
normally for manual METRIC ET of about 250 mm. These values are general average values for ET from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ET.
2
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a
Figure
4. 4 monthly ET calibration for Snake River Plain (P39 Row 30-31). Units of
monthly ET are in millimeters (mm).
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For the monthly results above, the high end of monthly ETrF and ET is substantially
lower with eeMETRIC than with manual METRIC, even though daily ETrF was
similar. This indicates that the two models operate similarly in producing ETrF for
each Landsat image. The differences occur after the calculation of ETrF maps for
each image and are during the time integration stage where daily ETrF (manual
METRIC) or daily EToF (eeMETRIC) is interpolated and then multiplied by daily
ETr (manual METRIC) or daily ETo (eeMETRIC) and then summed to monthly.
These post METRIC steps use different reference types (ETr vs. ETo), different
sources for data (point ground weather data vs. gridded weather data sets), and
different interpolation techniques (cubic spline vs. linear). All of these differences
apparently impact the final monthly ETrF and ET estimates even when ETrF outputs
from the two model types are similar.
4.1.4. Idaho daily ETrF, Path 40 Rows 30-31:
April 29, 2019. This comparison shows a linear trend with little scatter for a majority
of sampled locations. The trend followed the 1:1 line as parallel, with about 0.11
overstatement at the lower end of ETrF and about 0.13 at the upper end of ETrF.
There was a small number of high outliers from the trend lines. The 𝑹𝟐 was high at
about 0.94.
June 16, 2019. This date had a linear trend between eeMETRIC and manual
METRIC ETrF with only low amount of scatter. The 𝑹𝟐 was high at 0.93.
Overstatement of ETrF by eeMETRIC was about 0.28 at the lower end of ETrF, with
0.04 overstatement at the upper end of ETrF.
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June 24, 2019. This date had a linear trend between eeMETRIC and manual
METRIC ETrF with a small amount of scatter. The 𝑹𝟐 was high at about 0.96.
Overstatement by eeMETRIC was about 0.23 at the lower end of ETrF and 0.04 at
the upper end of ETrF.
July 02, 2019. This date had a linear trend between eeMETRIC and manual METRIC
ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.96. Overstatement by
eeMETRIC was relatively high at 0.27 at the lower end of ETrF and 0.04 at the upper
end of ETrF.
July 27, 2019. This date had a linear trend between eeMETRIC and manual METRIC
ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.97. Overstatement by
eeMETRIC was high at 0.32 at the lower end of ETrF and agreement was close at the
upper end of ETrF.
August 11, 2019. This date had a linear trend between eeMETRIC and manual
METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.97.
Overstatement by eeMETRIC was 0.25 at the lower end of ETrF and agreement was
close at the upper end of ETrF.
August 19, 2019. This date had a strong linear correlation between eeMETRIC and
manual METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was high at 0.98
with about 0.08 overstatement at the lower end of ETrF and close agreement at the
upper end of ETrF.
August 27, 2019. This date had a strong linear correlation between eeMETRIC and
manual METRIC ETrF with a small amount of scatter. The trend followed the 1:1
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line relatively closely, with a small overstatement of 0.05 at the lower end of ETrF
and a close agreement at the upper end of ETrF. The 𝑹𝟐 was high at 0.98.
September 04, 2019. This date showed a strong linear correlation between
eeMETRIC and manual METRIC ETrF with a small amount of scatter. There was an
overstatement of about 0.14 at the lower end of ETrF and an overstatement of about
0.07 at the upper end of ETrF. The 𝑹𝟐 was high at 0.97.
September 12, 2019. This date showed a linear trend between eeMETRIC and
manual METRIC ETrF with a small amount of scatter. The 𝑹𝟐 was high at 0.95. The
overstatement was about 0.13 at the lower end of ETrF and the agreement was close
at the upper end of ETrF.
October 06, 2019. This date showed a strong linear correlation between eeMETRIC
and manual METRIC ETrF with a small amount of scatter. There was a small
overstatement of about 0.06 at the lower end of ETrF and about 0.11 at the upper end
of ETrF. The 𝑹𝟐 was high at 0.96.
October 14, 2019. This date showed a strong linear trend between eeMETRIC and
manual METRIC ETrF with a small amount of scatter. The 𝑹𝟐 was high at 0.90.
There was an overstatement of 0.24 at the lower end of ETrF and about 0.16 at the
upper end of ETrF. Table 4.4 shows a summary of the above discussions.
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Figure 4. 5 ETrf calibration for Snake River Plain (Path 40 Row 30-31)
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Table 4. 4 Summary statistics for daily ETrF calibration results for year 2019 for the Snake River Plain
(Path 40 Row 30-31).
Understatement/
Overstatement
Remarks

*- shows
understatement

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ETrF by the manual METRIC model. This is normally for
manual METRIC ETrF of 0.0, but may be higher during periods when nearly all crops have high ETrF.
These values are general average values for ETrF from the eeMETRIC model and tend to be similar to
estimates using the linear regression equation at the lower end of ETrF.
1

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ETrF by the manual METRIC model. This is
normally for manual METRIC ETrF of about 1.0. These values are general average values for ETrF from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ETrF.
2
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Similar to P39 ETrF results, there is overestimation at the low end due to the reasons
hypothesized in for the P39 ETrF results. P40 is similar to P39 in behavior.
Furthermore, in both places, overstatement of ETrF and ET (as in 4.1.5 and 4.1.6) by
eeMETRIC occurs mainly during June and July when crops are generally at less than
full ground cover. These periods may also be times when all agricultural fields have
some amount of vegetation so that the automated search procedure by eeMETRIC for
the hot pixel condition may not be successful in locating the best hot pixel location to
use.
4.1.5. Idaho monthly ETrF, Path 40 Rows 30-31:
April 2019. This month had a linear trend between eeMETRIC and manual METRIC
ETrF with the scatter being on the higher side. The 𝑹𝟐 was low at 0.71. There was an
overstatement of about 0.23 by eeMETRIC at the lower end of ETrF, and about 0.10
at the upper end of ETrF.
Again, as stated in 4.1.2, May was not included in the analyses due to absence of
corresponding data from both models for this month.
June 2019. This month had a linear trend between eeMETRIC and manual METRIC
ETrF with a low scatter and no outliers. The 𝑹𝟐 was a little high at 0.88. There was
an overstatement of about 0.15 by eeMETRIC at the lower end of ETrF, and a slight
understatement of -0.04 at the upper end of ETrF.
July 2019. This month had a weak linear trend between eeMETRIC and manual
METRIC ETrF with low scatter. The 𝑹𝟐 was moderately on the lower side at 0.82.
There was an overstatement of about 0.44 by eeMETRIC at the lower end of ETrF,
and a small amount of understatement of -0.03 at the upper end of ETrF.
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August 2019. This month had a linear correlation between eeMETRIC and manual
METRIC ETrF with a small amount of scatter. The 𝑹𝟐 was high at 0.94 with about
0.22 overstatement at the lower end of ETrF and close agreement at the upper end of
ETrF with merely -0.02 understatement.
September 2019. This month had a linear correlation between eeMETRIC and
manual METRIC ETrF with a low scatter. The 𝑹𝟐 was high at 0.95. Overstatement at
the lower end of ETrF was about 0.16 and understatement at the upper end of ETrF
was merely -0.03 understatement.
October 2019. This month had a linear correlation between eeMETRIC and manual
METRIC ETrF with relatively larger scatter. The 𝑹𝟐 was somewhat low at 0.83.
Overstatement at the lower end of ETrF was about 0.20 and at the upper end of ETrF
was merely 0.03. Table 4.5 shows a summary of the above discussions.
Table 4. 5 Summary statistics for monthly ETrF calibration results for the year 2019 for the Snake River
Plain (Path 40 Row 30-31).
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The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ETrF by the manual METRIC model. This is normally for
manual METRIC ETrF of 0.0, but may be higher during periods when nearly all crops have high ETrF.
1
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These values are general average values for ETrF from the eeMETRIC model and tend to be similar to
estimates using the linear regression equation at the lower end of ETrF.
The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ETrF by the manual METRIC model. This is
normally for manual METRIC ETrF of about 1.0. These values are general average values for ETrF from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ETrF.
2
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Figure 4. 6 monthly ETrf calibration for Snake River Plain (P40 Row 30-31)
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4.1.6. Idaho monthly ET, Path 40 Rows 30-31:
April 2019. This month had a linear trend between eeMETRIC and manual METRIC
ET with a moderate scatter. The 𝑹𝟐 was low at 0.72. There was an overstatement of
about 25 mm by eeMETRIC at the lower end of ET (where ET form manual
METRIC is 0), and an understatement of about -41 mm at the upper end of ET (where
ET from manual METRIC is 250 mm).
May was not included in the analyses for the same reason stated in 4.1.2.
June 2019. This month had a linear trend between eeMETRIC and manual METRIC
ET with a moderate scatter and no outliers. The 𝑹𝟐 was a little high at 0.87. There
was an overstatement of about 29 mm by eeMETRIC at the lower end of ET, and a
slight understatement of -33 mm at the upper end of ET.
July 2019. This month had a weak linear trend between eeMETRIC and manual
METRIC ET with low scatter. The 𝑹𝟐 was moderately on the lower side at 0.81.
There was an overstatement of about 100 mm by eeMETRIC at the lower end of ET,
and a small amount of understatement of -33 mm at the upper end of ET.
August 2019. This month had a linear correlation between eeMETRIC and manual
METRIC ET with a small amount of scatter. The 𝑹𝟐 was high at 0.92 with an
overstatement of about 49 mm at the lower end of ET and an understatement of about
-31 mm at the upper end of ET.
September 2019. This month had a linear correlation between eeMETRIC and
manual METRIC ET with a low scatter. The 𝑹𝟐 was high at 0.93. Overstatement at
the lower end of ET was about 22 mm and understatement at the upper end of ET was
about -41 mm.
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October 2019. This month had a linear correlation between eeMETRIC and manual
METRIC ET with relatively low scatter. The 𝑹𝟐 was somewhat low at about 0.82.
Overstatement at the lower end of ET was about 20 mm and understatement at the
upper end of ET was about -42 mm. Table 4.6 shows a summary of the above
discussions.
Again, it can be seen that the overstatement of ET by eeMETRIC for the lower end as
compared to manual METRIC is greater for ET than it was for ETrF in the daily
(overpass date) images. As stated in 4.1.3 the differences occur after the calculation
of ETrF maps for each image and are during the time integration stage where daily
ETrF (manual METRIC) or daily EToF (eeMETRIC) is interpolated and then
multiplied by daily ETr (manual METRIC) or daily ETo (eeMETRIC) and then
summed to monthly. The different reference types (ETr vs. ETo), different sources
for data (point ground weather data vs. gridded weather data sets), and different
interpolation techniques (cubic spline vs. linear) apparently impact the final monthly
ETrF and ET estimates even when ETrF outputs from the two model types are
similar.
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Figure 4. 7 monthly ET calibration for Snake River Plain (P40 Row 30-31). Units of
monthly ET are in millimeters (mm).
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Table 4. 6 Summary statistics for monthly ET calibration results for year 2019 for the Snake River Plain
(Path 40 Row 30-31).
Understatement/
Overstatement
(mm)
Path/
Date
Remarks
𝑹𝟐
Row
Lower
Upper
end1
end2
*- shows
understatement

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ET by the manual METRIC model. This is normally for
manual METRIC ET of 0.0, but may be higher during periods when nearly all crops have high ET. These
values are general average values for ET from the eeMETRIC model and tend to be similar to estimates
using the linear regression equation at the lower end of ET.
1

2The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ET by the manual METRIC model. This is
normally for manual METRIC ET of about 250 mm. These values are general average values for ET from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ET.
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4.2.Nebraska results

Path 29

Figure 4. 8 Nebraska Path 29 with all the sampled locations.
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4.2.1. Nebraska daily ETrf, Path 29 Rows 31-32:
May 25, 2016. This comparison shows a linear trend with a large scatter for most
sampled locations, along with a second, lower trend. The primary trend followed the
1:1 line relatively closely, with close agreement at the lower end of ETrF (ETrF from
manual METRIC = 0.0) and an understatement of about -0.34 at the upper end of
ETrF when ETrF from manual METRIC = 1.0. There was a small number of low
outliers from the trend lines.
The 𝑹𝟐 was degraded by the presence of the two trend lines. The reason for the two
trends is that the lower trend is from R32, and the upper trend is from R31, since each
row is calibrated individually in eeMETRIC, but as a unit in manual METRIC.
June 02, 2016. This date had a linear trend between eeMETRIC and manual
METRIC ETrF with only low amount of scatter. The 𝑹𝟐 was relatively high at about
0.90. There was an understatement of about -0.27 of ETrF by eeMETRIC at the lower
end of ETrF, with a close agreement at the upper end of ETrF.
July 12, 2016. This date had a strong linear trend between eeMETRIC and manual
METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was somewhat low at
0.82. There was an understatement of about -0.09 by eeMETRIC at the lower end of
ETrF and almost the same at the upper end of ETrF.
July 20, 2016. This date had a linear trend between eeMETRIC and manual METRIC
ETrF with only a moderate of scatter. The 𝑹𝟐 was low at 0.57. Overstatement by
eeMETRIC was relatively low at 0.10 at the lower end of ETrF and agreement was
close at the upper end of ETrF.
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August 13, 2016. This date had a strong linear trend between eeMETRIC and manual
METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was relatively low at
0.69. Understatement by eeMETRIC was moderate at -0.13 at the lower end of ETrF
and agreement was close at the upper end of ETrF.
August 21, 2016. This date had a weak linear trend between eeMETRIC and manual
METRIC ETrF with only a small amount of scatter. The 𝑹𝟐 was low at 0.49.
Overstatement by eeMETRIC was relatively high at about 0.37 at the lower end of
ETrF and agreement was close at the upper end of ETrF.
September 06, 2016. This date had a linear correlation between eeMETRIC and
manual METRIC ETrF with only a moderate scatter. There was a close agreement at
the lower end of ETrF and an understatement of about -0.15 at the upper end of ETrF.
The 𝑹𝟐 was low at about 0.44.
October 08, 2016. This date showed a linear correlation between eeMETRIC and
manual METRIC ETrF with a moderate scatter. Understatement at the lower end of
ETrF was high at about -0.24 and overstatement at the upper end of ETrF was at
about 0.16. The 𝑹𝟐 was at about 0.82. Table 4.7 shows a summary of the above
discussions.
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Table 4. 7 Summary statistics for daily ETrF calibration results for year 2016 for the Nebraska (Path 29
Row 31-32).
Understatement
/Overstatement
Remarks

*- shows
understatement

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ETrF by the manual METRIC model. This is normally for
manual METRIC ETrF of 0.0, but may be higher during periods when nearly all crops have high ETrF.
These values are general average values for ETrF from the eeMETRIC model and tend to be similar to
estimates using the linear regression equation at the lower end of ETrF.
1

2The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ETrF by the manual METRIC model. This is
normally for manual METRIC ETrF of about 1.0. These values are general average values for ETrF from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ETrF.
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Figure 4. 9 ETrf calibration for CPNRD (Path 29 Row 31-32)

For the above daily ETrF results for Nebraska Path 29, for July and August dates,
most sampled pixels were at nearly full cover of the soil. Therefore, nearly all pixels
sampled had ETrF > 0.5. This is common for locations like Nebraska where rotations
of corn and soybeans dominate the landscape.
4.2.2. Nebraska monthly ETrF, Path 29 Rows 31-32:
May 2016. This month had a linear trend between eeMETRIC and manual METRIC
ETrF with the scatter being on the higher side. The 𝑹𝟐 was very low at about 0.15.
There was an overstatement of about 0.13 by eeMETRIC at the lower end of ETrF,
and about the same at the upper end of ETrF.
For this image date, the ETrF values from the manual METRIC model had all nearly
the same value of 0.4 to 0.5, whereas the eeMETRIC process showed much more
variation. These large differences were not as evident for daily ETrF in May where
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values represent the May 25, 2016 image date. The uniform values for monthly ET
and ETrF during May probably occur because of the use of a synthetic image during
the time integration. The synthetic image was created for May 1 to provide a starting
point for the interpolation of daily ETrF. The synthetic image influenced the
interpolated ETrF values for days prior to the first image date which was May 25. The
use of the synthetic image was required for production of May ET and was necessary
due to extensive cloudiness of Landsat images prior to May 25, 2016. In the
production of the synthetic image, estimated ETrF was assigned using estimated
evaporation from a daily soil water model and general land use types. Because the
daily soil water model was quite general in spatial application, estimated ETrF was
relatively uniform in value (Kilic & Ratcliffe, 2018).
June 2016. This month had a linear trend between eeMETRIC and manual METRIC
ETrF with a relatively high scatter and no outliers. The 𝑹𝟐 was a low at 0.51. There
was a close agreement by eeMETRIC at the lower end of ETrF, and an overstatement
of 0.19 at the upper end of ETrF.
July 2016. This month had a linear trend between eeMETRIC and manual METRIC
ETrF with a moderate scatter. The 𝑹𝟐 was very low at 0.36. There was an
overstatement of about 0.26 by eeMETRIC at the lower end of ETrF, and about 0.13
at the upper end of ETrF.
August 2016. This month had a linear correlation between eeMETRIC and manual
METRIC ETrF with a small amount of scatter. The 𝑹𝟐 was a little low at about 0.73
with about 0.17 overstatement at the lower end of ETrF and about 0.11 at the upper
end of ETrF.
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September 2019. This month had a weak linear correlation between eeMETRIC and
manual METRIC ETrF with a large scatter. The 𝑹𝟐 was extremely low at about 0.08.
Overstatement at the lower end of ETrF was very high at about 0.65 and about 0.07 at
the upper end of ETrF. Table 4.8 shows a summary of the above discussions.
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Table 4. 8 Summary statistics for monthly ETrF calibration results for year 2016 for the Nebraska (Path 29
Row 31-32)
Understatement
/Overstatement
Remarks

*- shows
understatement

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ETrF by the manual METRIC model. This is normally for
manual METRIC ETrF of 0.0, but may be higher during periods when nearly all crops have high ETrF.
These values are general average values for ETrF from the eeMETRIC model and tend to be similar to
estimates using the linear regression equation at the lower end of ETrF.
1

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ETrF by the manual METRIC model. This is
normally for manual METRIC ETrF of about 1.0. These values are general average values for ETrF from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ETrF.
2
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Figure 4. 10 monthly ETrf calibration for CPNRD (Path 29 Row 31-32)
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4.2.3. Nebraska monthly ET, Path 29 Rows 31-32:
May 2016. This month had a linear trend between eeMETRIC and manual METRIC
ET with a high scatter. The 𝑹𝟐 was very low at 0.21. There was an overstatement of
about 9 mm by eeMETRIC at the lower end of ET (where ET form manual METRIC
is 0), and an understatement of about -49 mm at the upper end of ET (where ET from
manual METRIC is 200 mm).
June 2016. This month had a linear trend between eeMETRIC and manual METRIC
ET with a larger scatter and no outliers. The 𝑹𝟐 was a low at 0.45. There was an
overstatement of about 11 mm by eeMETRIC at the lower end of ET, and a slight
understatement of -55 mm at the upper end of ET.
July 2019. This month had a weak linear trend between eeMETRIC and manual
METRIC ET with larger scatter. The 𝑹𝟐 was very low at 0.14. There was an
overstatement of about 70 mm by eeMETRIC at the lower end of ET, and a small
amount of understatement of -26 mm at the upper end of ET.
August 2019. This month had a weak linear correlation between eeMETRIC and
manual METRIC ET with a moderate of scatter. The 𝑹𝟐 was low at 0.45 with an
overstatement of about 60 mm at the lower end of ET and an understatement of about
-48 mm at the upper end of ET.
September 2019. This month had a poor linear correlation between eeMETRIC and
manual METRIC ET with a larger scatter. The 𝑹𝟐 was extremely low at 0.10.
Overstatement at the lower end of ET was about 71 mm and understatement at the
upper end of ET was about -82 mm. Table 4.9 shows a summary of the above
discussions.
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Figure 4. 11 monthly ET calibration for CPNRD (Path 29 Row 31-32). Units of monthly ET
are in millimeters (mm).
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0.55

570

73

11
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-55

1.0

0.45
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0.61
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70

-26

1.0

0.14

0.56

418

0.56

60
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-48

1.0
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0.39
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1.0

0.10

0.48
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Y-intercept
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2016
Jun
2016

Slope

29/
31, 32
29/
31, 32
29/
31, 32
29/
31, 32
29/
31, 32

Observations (n)

Table 4. 9 Summary statistics for monthly ET calibration results for year 2016 for the Nebraska (Path 29
Row 31-32)
Understatement
/Overstatement
(mm)
Path/
Date
Remarks
𝑹𝟐
Row
Lower Upper
end1
end2
*- shows
understatement

The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Lower end” is
assessed at the lowest or nearly lowest values for ET by the manual METRIC model. This is normally for
manual METRIC ET of 0.0, but may be higher during periods when nearly all crops have high ET. These
values are general average values for ET from the eeMETRIC model and tend to be similar to estimates
using the linear regression equation at the lower end of ET.
1

2The understatement/overstatement by eeMETRIC relative to manual METRIC for the “Upper end” is
assessed at the average highest or nearly highest values for ET by the manual METRIC model. This is
normally for manual METRIC ET of about 250 mm. These values are general average values for ET from
the eeMETRIC model and tend to be similar to estimates made using the linear regression equation at the
higher end of ET.

For the monthly results for Nebraska, there is more scatter in the monthly ET graphs
than in the daily ETrF graphs. Again this could be attributed to the differences in the
use of ETo in eeMETRIC that is from GridMET vs. use of ETr in manual METRIC
that is from ground stations; use of linear interpolation for eeMETRIC and cubic
spline interpolation for manual METRIC; and use of path overlap areas in eeMETRIC
vs. single paths for manual METRIC.
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CHAPTER 05 SUMMARY and CONCLUSION
ET products from eeMETRIC were compared to those from manually calibrated
METRIC products for 70 Landsat images to evaluate the consistency and accuracy of the
eeMETRIC products. The Landsat image sets included 16 images for central Nebraska
(Path 29, Rows 31-32) focusing of agricultural land use, 30 images for Snake River Plain,
Idaho (Path 39, Rows 30-31) focusing on agricultural land use, and 24 images for Snake
River Plain Idaho (Path 40, Rows 29-31) also focusing on agricultural land use. The
products included daily ETrf, monthly ETrf and monthly ET from both models. For daily
ETrf, the comparison results showed that eeMETRIC can calculate ETrf values that
compare well with the manual METRIC values and are within the accepted accuracy
range. For some dates, eeMETRIC estimated higher ETrF at the lower end due,
apparently, to differences in how the hot calibration pixel was established.
However, there were larger differences noted in the monthly products (monthly
ETrf and monthly ET) suggesting that there is still need for improvement in how results
from the automated eeMETRIC model are integrated over time during production of
monthly ET. Differences in the monthly products are because OpenET uses more image
dates than those shown for manual METRIC. OpenET time integration uses all dates that
are clear on a pixel-by-pixel basis. Therefore, more pixels are likely to be included. Also,
OpenET will include two paths if a location is in a path overlap area (for example, P39
and P40). Other differences include the use of ETo in daily interpolation for eeMETRIC
and ETr for manual METRIC, differences in weather data sources used for daily
interpolation (GridMET for eeMETRIC vs. spatially interpolated ground-based weather
data for manual METRIC), and use of linear interpolation for eeMETRIC and cubic
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spline interpolation for manual METRIC in producing monthly ETrF and ET. These
differences will potentially cause larger differences between the two methods than
observed for individual image dates only. Both applications used the ASCE PenmanMonteith equation (ASCE-EWRI 2005), but with different coefficients based on whether
ETo or ETr was estimated).
For instance, for central Nebraska the ETrF for the May individual date was lower
for eeMETRIC, but the monthly ETrF for all of May is higher for many points. This is
mainly because OpenET uses prior dates of processed ETrF during time integration,
whereas the manual METRIC applications did not have processed images prior to May
25 and utilized "synthesized" images to represent the beginning of May. These
differences in processing produced substantially different average ETrF estimates for the
month of May. While eeMETRIC is still evolving, these results should help to provide an
overview of the accuracy and consistency of eeMETRIC while producing ET maps from
it.
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